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Mars image segmentation with most relevant
features among wavelet and color features
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Abstract—Mars rover is a robot which explores the Mars
surface, is equipped to front-line Panoramic Camera (Pancam).
Automatic processing and segmentation of images taken by
Pancam is one of the most important and most significant tasks of
Mars rover since the transformation cost of images from Mars to
earth is extremely high. In this paper, a new feature vector for
image pixels will be proposed as well as a new feature selection
schema based on ant colony optimization(ACO). Then, the most
relevant features are presented for multiclass Support Vector
Machine (SVM) classifier which led to high accuracy pixel
classification and then image segmentation. Our proposed
method is compared with genetic algorithm feature selection,
experimental results show that the proposed method outperforms
this method in the terms of accuracy and efficiently.

Keywords—Pixel classification, image segmentation,feature
selection, ant colony optimization, genetic algorithm, support vector
machine;

INTRODUCTION

Recently the automated robot, named as Mars Rover is
configured in Mars environment,is equipped with Pancam
instrument which could be assumed as scientist’s eyes on Mars.
Automated image analysis system with high degree of accuracy
for analyzing of Mars images is required to escape from
manually analyzing which is time-consuming task with human
errors[1].

Our contribution in this research is automatic detection and
segmentation of different types of rocks and sands from their
surrounding background in Mars images. The first step in
implementation of such systems is the extraction of feature set
from image pixels. Despite the fact that which features are the
best descriptor for pixels classes and lead to more accurate
classification results, there are so many features proposed by
researches as being a candidate in feature set[2,3]. Although
the more relevant features in feature set, the higher accuracy in
detection and segmentation could be achieved, increasing
dimension of feature set involve high computational time
which is not in our interest especially in on-board applications
such as Mars rover with the limitation of power, memory and
processing rate. On the other hand, there is the idea that not all
extracted features are relevant in classification [4]. A key issue
is that the size of the feature vector should be kept as small as
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possible since most of the classification methods used for Mars
rover involve high computational costs when feature vectors
move towards higher dimensionalities. Feature selection is a
method that removes redundant and irrelevant feature
components. As a result, low time complexity and high system
accuracy could be achieved. Many feature selection approaches
have been proposed for different applications such as our
proposed speaker verification schema [5], face recognition [6],
data mining and pattern recognition[7] and so on. Feature
selection has also been applied to Mars rover automated system
in the term of minimizing feature subset by Fuzzy-rough
feature selection[1,8] and information gain ranking
technique[9] in mars image detection and segmentation.

In this paper, the new schema for rock detection and
segmentation is proposed. Firstly, the feature set including,
wavelet features, color descriptor features, color statistic
features and color local histogram features are all extracted
from image. Then, the new feature selection method based on
ant colony optimization will be applied to extracted feature set
and the most relevant and most significant features are selected
from whole feature set. Finally, the multiclass support vector
machine classifier is adapted for this application and trained by
the way that classifier parameters are estimated with highest
classification accuracy. The segmented Mars images are the
result of our proposed system.

The rest of this paper is organized as follows: Section 2
describes the extraction of feature set from images. Pixel
classifier and image database are explained in more details in
Section 3. Feature selection and our proposed method are
described completely in Section 4. Experimental setup and
results are described in Sections 5 and 6 respectively. Finally,
the conclusion and future works are discussed in Section 7.

FEATURE EXTRACTION

Wavelet Features

Wavelet transform could be applied to images as 2-
dimensional signals in Eq. (1).



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

cwTCne b= S0 faonw (EEEE G ()

The frequency components of the image are obtained up to
k level. In each level, these components are LL that is
approximation of image and HL, LH and HH that are
horizontal, vertical and diagonal frequency details respectively
[10].

In this research the low and high frequency components
are used for extracting features of window around pixels since
some type of rocks such as layered and wave-shaped rocks with
having vertical and horizontal frequency components are easily
segmented by these types of features. We use Frobenius norm
of frequency components which for a  vector

M =M. M., .. lis defined in Eq. (2).

MeR® =My = ks ()

For Mars images in RGB space, first they are converted to
gray space, then, first level of Haar filter for LH and HL
components are computed. Then, Frobenius norms of rows of
LH, columns of LH, rows of HL and columns of HL are
computed and denoted by  &;. &, & anc respectively.Finally,
the mean and standard deviation of vectors  &.ky.¢ anc are
computed for wavelet features of each pixel. This method aims
for reducing sensitivity toward local differences existing in
each class of pixels. These differences can result in increasing
distances between different classes and decreasing them within
a same class. Extracting features in this way improves the
classification accuracy.

Color Features

1) Dominant color descriptor

Dominant color descriptor(DCD) is one of the approved
color descriptors in the MPEG-7 Final Committee Draft among
several number of histogram descriptors. Both representative
colors and the percentage of each color are included in DCD.
Moreover,DCD provide an effective and compact color
representation, could be applied for color distribution in an
image or a region of interesting [11]. In DCD, first, each color
is divided into the number of partitions named as course
partitions. Then, all points in a same partition are assumed to
be similar and near to each other. Partition centers are the
average value of all pixels in each partition and are calculated
with the Eq. (3).

[ 5
=

':_: =

(€)

A

e

Which is an ith partition. In this research the DCD
features are extracted in RGB domain. Each pixel color value is
replaced by the center value of partition which is belonged to it.
As a result, applying DCD quantize images which the possible
colors for each pixel is equal with the number of partitions. For
a window around a pixel, the dominant colors for R, G and B
components are computed and represented as DCD features for
that pixel.

2) Local color histogram features

Histogram is a bar showing the number of pixels falling in
grey levels named resolution ranges or bins[12]. Since Mars
images are RGB with the range 0-255 in each component, 256
bins is needed per R, G and B components which is
computationally expensive. This range divided to 8 equal sub-
ranges for each component. Since our interest is local features
means that features of window around a pixel, 8 features are
extracted for each component of a region of image. So, each
pixel of image is mapped to 24-dimensional feature vector in
the term of local color histogram features.

3) Color statistic features

First and second moments of window around pixels are
mean and standard deviation respectively. We have applied
these features in RGB domain. For R, G and B the mean and
standard deviation are computed as color statistic features.

PIXEL CLASSIFIER

Support Vector Machine

SVM is one of the powerful machine learning methods
based on statistical learning theory. SVM is widely used in
pattern recognition problems because of its good generalization
ability compared with traditional classification methods [13].
SVM was originally proposed for binary -classification
problems but it can also be generalized for multi-class
applications. The problem is to find a hyper-plane to separate
instances from two classes. If the input data are not linearly
separable, we can’t find this hyper-plane. Thus, input data are
mapped into higher dimensional space using map functions in
order to create linear separability between instances[14].

Image Database

This research proposes an image classifier which classifies
and segments the different type of rocks of Panorama images
from Mars environment. The image with 180-degree of scan
named as Home Plate South panorama image [15] is used in
this research. This image is taken by the panoramic camera on
NASA’s Mars Exploration Rover Spirit, acquired on October
2007, has the dimension of 23123x3775 pixels with about 90
meters length. A part of this image are show in Fig.1.

FEATURE SELECTION

Feature selection is a discrete optimization problem which
selects m features among n ones that m : [16]. Alleviating
the effect of the dimensionality, enhancing generalization
capability, improving model interpretability and speeding up
the learning process are all the benefits of removing irrelevant
and redundant features from the main features of data [5 ,17].
Some popular evolutionary-based feature selection approaches
are ant colony optimization (ACO)[18], particle swarm
optimization (PSO)[19], genetic algorithm (GA) [20] and
Relief [21].
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Fig.1.A part of Home Plate South panorama image.

Genetic Algorithm for Feature Selection

GA introduced by Holland in 1975, is a randomized
heuristic search technique based on biological evolution
strategies. GA has been applied to our problem of interest in
several approaches as well as its application in feature selection
and feature weighting. The purpose of GA in feature selection
task is finding an optimal binary vector with the smallest
number of 1s such that the classifier performance is
maximized[20 , 22]. Another application of GA is feature
weighting which assigns numerical weights to features instead
of binary 0 and 1 weights[23].

Ant Colony Optimizationfor Feature Selection

As a solution of hard optimization problems, an iterative
and probabilistic meta-heuristic method named ACO was
proposed by Dorigo and colleagues which simulates the natural
behavior of ants, consisting of mechanisms of adaptation and
cooperation [24]. Similar to GA, ACO can be reformulated for
feature selection problem by the way that finds a path with
minimum cost in graph. In contrast with classic ACO, here,
nodes in the graph represent features and the edges between
nodes denote the choice of the next feature [25]. The
pheromone update rule and transition rule of ACO algorithm
can be used by a little reformulation for feature selection. In
this case, pheromone and heuristic value are associated to
nodes(features) rather than edges. The probability that ant &
selects feature 7 at time step ¢ is calculated by Eq. (4).

e H Rl Lo - &L 1E
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Where  is the set of features that are allowed to be added
to the partial solution if they are not visited so far.  rand
are the pheromone value and heuristic desirability associated
with feature i respectively. and are weights of pheromone
value and the heuristic information respectively[26]. The
amount of deposited pheromone of ant &k on feature 7 in step ¢ is
calculated by Eq. (5)[17].

= -rr-:?- .'
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Where 7 is the number of all features, 5% and |G
are the feature subset and its length found by ant at iteration ¢
respectively.  H(5%is the evaluation of subset ~ §¥which
is the classifier performance in this literature, and are

parameters that determine the importance of classifier

performance and feature subset length respectively. Finally, the
pheromone of nodes are updated by the Eq. (6)[26].

Tir+ 1) = (1—phy (+ R, f 0+ ot (6)

Where is the number of ants, is an evaporation rate
which is constant and g is the best ant in previous iteration. It
means that node pheromones are affected by all ants and more
affected by the best ant which deposits additional pheromone
on nodes. This causes the search of ants to stay around the
optimal solution in the next iterations[17].

Proposed feature selection algorithm based on ACO

In the proposed method, feature selection is applied to all
pixel classes simultaneously. This mean that the feature
selection schema try to select most relevant features by the way
that maximize the classification accuracy of all pixel classes
simultaneously. So, an optimal feature vector is presented for
all pixel classes.

The following algorithm describes the proposed feature
selection schema in more details.

1. Initialization:
- Set population size for ants.
- Assign each feature to one node in graph
and set random intensity of pheromone for it.
- Set the maximum number of iteration.
2. Dividing the features into groups based on table 1.

3. Assign a feature to each ant randomly and mark this
feature as “visited feature”.

4. For an ant, select one feature from each feature group
randomly and save them in array a. From features in a, select
the feature with highest probability which is calculated by (4)
and mark this feature as ‘visited’.

5. Check the ant for reaching to its threshold, if not reached,
go to 4.

6. For all ants, do steps 3-4.

7. Each ant deposits a quantity of pheromone on features
which marked as “visited’ in its path by Eq. (7).

Sphwranatee () KT w w I:}{&é. g, JLoow r'n.r'egt,'l-;';r:[

¢ FeaturesHmber ~Featuresumbe
s | FesturesNummber Q)
Where Spheromons(l is an amount of pheromone

deposit by ant  on feature , model accuracy is the F-measure
of model trained by features founded by ant , FeatutesNumber
and FeaturesNumber(k) are the number of all features and the
number of features in the path of ant respectively. Finally,

e an are two parameters that control the relative weight of
classifier performance and feature subset length respectively
that @&
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8. Find the best ant, an ant with the highest F-measure.

9.Pheromone update is calculated in Eq. (8).The pheromone
of all features is evaporated, all ants deposit a pheromone on
the features in their paths and the best ant has extra effect on
pheromone update.

pharmmmeir-+ 17 = (1 — phpharamnaneit

+E7 spheremens(lld +ipheramens’l-Sart (8)

10. Previous ants are removed and new ants are generated
randomly.

11. If the stop criteria is achieved (all ants follow the same
path) or maximum number of iteration is reached go to 12 else
goto3

12. The ant with maximum F-measure has the best solution.
13. End

In this task the stop criteria for ants is a threshold which
defined by Eq. (9).

Ant Threthald = o = g™ T oo s ap=+5 )

Where FN is the feature cardinality of the selected feature
by the ant so far, N is the number of all features, @ amare
the parameters that control the effect of feature size and
F_measure respectively and g | war. Afterwards, all ants
complete their search as a term of finding feature subsets. The
pheromone update is then started by 3 following rules: each ant
deposit some pheromone on features, the idea which stem from
the natural behavior of ants, some pheromone is evaporated by
time and finally, the best ant update its path pheromone
stronger since it could be a sign for other ants to follow its path
in next steps. The amount of pheromones in all features in ant
path is affected by the F_measure and the number of features
selected by that ant.

It is clear that ACO feature selection is a wrapper method
among two types of feature selection as filter and wrapper. In
these types of feature selection methods, accuracy of
classification is involved in feature selection task. It means that
the model must be trained and tested for feature subsets in each
step of feature selection. Each ant after randomly selection of
initial feature, select next feature based on the efficiency of that
feature. Suppose that feature vector has n features. Each ant
must train the model n-1 times for selection of second feature.
After that, n-2 times of model training is needed for the
selection of third feature. This continues until the ant exit from

its traverse. In the worst case, each ant train the model at

times in each iteration. The computation cost is explosively
high. Although the feature selection is done in the offline

phase, once for classification, we propose the new procedure
for decreasing this cost with preserving the accuracy of
classification. After many experiments it was cleared that it is
no need that each ant,at each iteration, evaluate all non-visited
features for select one of them which lead to model training
and its high computation cost. To escape from this issue we
divided features into groups as shown in table 1.

The idea of grouping features has this benefit that each ant
for selection of each feature in each step of it’s traverse just
select among 13 features (one feature taken from each group
randomly) rather than complete feature set. It is important since
selection of each feature involve model training and testing.
This idea stem from the fact that features in each group have
similar behavior for classification, so, it is not need for
evaluation all features in each step. On the other hand, all
features of a group have a chance for being selected by ants.
For example, if LH meanL is the selected feature from group
1 at step k for a ant, feature LH_stdL will be a candidate for
being selected by that ant from steps k+1 onwards. This shows
that all features have a chance of being selected by ants.

EXPERIMENTAL SETUP

To show the utility of the proposed feature selection
algorithms a series of experiments is conducted. We implement
our algorithms on a machine with 2.26 GHz Corei7 CPU and
6GB of RAM and windows 7. The Home Plate South
panorama image with the dimension of 23123x3775 pixels
with about 90 meters length is divided to 512x512 sub images
and then 7 different classes for pixels are defined for the task of
pixel classification and image segmentation. Firstly the sub
images are zero padded by 10 pixels per side. Each pixel is
windowed with the 21x21 window around it, for the window of
each pixel, features are computed and each pixel is mapped to
its corresponding feature vector. For a window around each
pixel, wavelet decomposition is computed for gray image,
norm of rows and columns of LH and norm of rows and
columns of HL lead to 4 vectors. The mean and standard
deviation of these 4 vectors are 8 wavelet features per pixel. In
color features, the number of color dominant is set to 8, so, 24
features are computed for R, G and B components. Also, mean
and standard deviation of R, G and B components are 6 color
statistic features. Finally, with 4 bins for the histogram of R, G
and B, 12 features are computed. So, for each pixel, a feature
vector of dimension 50 is used for pixel classification.

For class i number of pixels from this class are selected as
positive samples and then the k& randomly selected samples
used as samples of negative class. The SVM is trained for these
positive and negative classes which we named the SVM model
for pixel class i. Table 2 shows the number of positive and
negative samples for all pixel classes used in this research.

TABLE I. GROUPING FEATURES OF A PIXEL IN ACO FEATURE SELECTION
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Group Name Group Features Group Name Group Features

Group 1 LH_meanlL and LH_stdL Group 8 R anc R,

Group 2 LH_meanH and LH_stdH Group 9 G G G

Group 3 HL_meanH and HL_stdH Group 10 B_ anc B,

Group 4 HL_meanLnadHL_stdL Group 11 R;: All histogram bins of R component
Group 5 DCDR,; : All color dominants of R component Group 12 ;2 All histogram bins of G component
Group 6 DCDR, : All color dominants of G component Group 13 E;: All histogram bins of B component
Group 7 DCDR, : All color dominants of B component

TABLE II. NUMBER OF POSITIVE AND NEGATIVE SAMPLES FOR ALL PIXEL CLASSES

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7
Number of positive samples 5651 5470 4941 10771 8682 4959 5475
Number of negative samples 5734 4365 5412 12544 9322 4566 7165
Sum 11385 9835 10353 23515 18004 9525 11640
TABLE III. PARAMETER SETTINGS FOR GA AND THE PROPOSED ALGORITHMS
Methods Iteration| Population Initial ICrossover Mutation |3 a |F 2] @ 1]
pheromone [Probability Probability
GA 100 100 - 0.6 0.008 - - - - - -
Proposed Algorithm | 100 100 1 - - 1 1 |0.6| 0.4]03 |01 |09

In these experiments, various parameter values were
tested for GA and the proposed algorithms. According to our
experiments, the highest performance in each method is
achieved by setting the parameters to values shown in Table
3.

For classification task, the learning method is set to
sequential minimization optimization(SMO) with maximum
iterationnumber of 20000 and kernel cache limit to 1000.
The multilayer Perceptron(MLP) with scale [0.01,-0.01] and
linear functions are used as kernel functions in this research
since these kernels had the best accuracies for classification.

EXPERIMENTAL RESULTS

Our proposed pixel classification and image
segmentation system is evaluated by precision, recall
and F-measure as the harmonic mean of precision and

recall.

Our proposed model is compared with genetic
algorithm(GA) which is an evolutionary algorithm.
Dropping irrelevant features and presenting most

relevant ones for SVM models corresponding to pixel
classes, surprisingly increase the classification
accuracy a little. Also, results show that our proposed
algorithm has better results than genetic algorithm for
two SVM kernels and different pixel classes. The
precision, recall and F-measure of our proposed
method is compared with genetic algorithm, are shown
in table 4.

The final results of this research is pixel classification
and image segmentation. All 7 types of rocks[1]
including Rover tracks, small black stone and sand,
medium black stone and sand, layered rocks, wave
rocks, dark large size rocks with shadow and flat rocks
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are all segmented in Home Plate South sub images.
However, some parts of images which were far away
fromPancom camera are not segmented to one of
mentioned 7 rock types in this research since their
details are not visible. As it is clear from segmented
images, the main error source of segmentation is stem
from boundary between regions. Since the feature
vector of a pixel is features of window around that
pixel, the pixels which are near to region boundaries
are windowed by pixels from other classes, so they
incorrectly classified to other class labels. However,
our proposed feature selection methods, select the

features which are not depended to boundary as
possible, this increases the accuracy of segmentation
even after dimension reduction of pixel features. We
assigned 8 colors including red, green, blue, yellow,
indigo, pink, gray and violet for classes 1-7 and non-
segmented parts respectively. Fig. 2(a-c) shows some
samples of segmented images.

TABLE IV. CLASSIFICATION ACCURACY FOR SECOND PROPOSED METHOD AND GA

Complete Feature set E]elected Features by proposed Selected Features by GA
ethod
SVM_ML SVM Linear SVM_MLP SVM_Linear SVM_MLP SVM_Linear
P
Precision 0.6139 | 0.6553 0.5889 0.6670 0.6122 0.6542
C1 Recall 0.9874 0.9511 0.9892 0.9407 0.9619 0.9483
[F-measure 0.7571 0.7760 0.7390 0.7805 0.7482 0.7743
Precision 0.9975 0.9991 0.9960 0.9990 0.9935 0.9632
C2 Recall 0.8600 0.8348 0.8883 0.8380 0.8415 0.8143
[F-measure 0.9237 0.9096 0.9391 09114 09112 0.8825
Precision 0.9952 0.9981 0.9953 0.9927 0.9713 0.9854
C3 Recall 0.7520 0.6850 0.7779 0.7096 0.7455 0.6834
[F-measure 0.8567 0.8124 0.8732 0.8276 0.8436 0.8071
Precision 0.9062 0.9486 0.9077 0.9513 0.8965 0.9589
C4 Recall 0.9440 0.9174 0.9517 0.9175 0.9576 0.9200
[F-measure 0.9247 0.9323 0.9293 0.9341 0.9260 0.9390
Precision 0.8705 0.8524 0.8945 0.8437 0.8633 0.8586
C5 Recall 0.9357 0.9423 0.9317 0.9454 0.9042 0.9199
[F-measure 0.9020 0.8951 0.9127 0.8916 0.8833 0.8882
Precision 0.8080 0.9373 0.8037 0.9373 0.7854 0.9025
Cé6 Recall 0.9020 0.5824 0.8992 0.5745 0.8945 0.5474
[F-measure 0.8524 0.7184 0.8487 0.7124 0.8364 0.6815
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Precision 0.9926 0.9400 0.9863 0.9037 0.9932 0.9165
C7 Recall 0.8187 0.8537 0.8247 0.8713 0.7913 0.8465
[F-measure 0.8973 0.8948 0.8983 0.8872 0.8808 0.8801
IAverage Precision 0.8835 0.9036 0.8817 0.8992 0.8736 0.8913
Average Recall 0.8856 0.8231 0.8946 0.8281 0.8709 0.8114
Average F-measure 0.8734 0.8475 0.8771 0.8492 0.8613 0.8361
Dptimal feature subset found by proposed feature LH_meanL, HL_stdH, HL stdL,
selection method and SVM classifier DCDR1,DCDRS5,DCDG4,DCDB1,Bm,Bs,R1,R6,
G2,G3, B1,B4,B6,B7

Fig.2. Some samples of segmented images
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CONCLUSION AND FUTURE WORKS

Home plate south panorama images contain
information about Mars, taken by mars rover,
a robot which explore on Mars surface. In this
paper, a new pixel classification schema was
proposed which leads to Mars image
segmentation. Firstly, each pixel is windowed
and mapped to a feature vector include wavelet
and color features. The type of extracted
features was proposed by the way that all pixel
classes could be discriminated from other
classes and appropriate segmentation of
images are achieved. Then, most relevant
features among complete feature set were
selected by our proposed feature selection
schema based on ant colony optimization
which worked with classification performance
of all pixel classes. Finally, optimal feature
sets were presented for multi-class SVM based
pixel classification schema. Classification of
pixels segments the images into pixel groups.
Our proposed model for image segmentation
was compared with genetic algorithm; results
showed that the accuracy of our method is
better than genetic algorithm feature selection.
For future works, the performance of the
proposed approach can be evaluated by taking
into account other classifiers. Other feature
selection methods can be improved and
applied to such systems. In addition, intrinsic
property of data such as relieff weights can be
used in population-based techniques such as
ACO, GA and Particle swarm optimization
(PSO) algorithms for faster convergence.
Finally, other features like shape features,
texture features and color features in other
color domains could be applied for pixel
classification task.
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Abstract—In this paper, an unsupervised method which is not
use log data is offered to solve “the problem of web query
classification”. The aim of the proposed approach is the mapping
of all the problem components to the BabelNet concepts and
solving the problem by using these concepts. Therefore, it is
considered a three-phase solutions consist of Offline, Online and
Classification phases. In offline phase, all categories are mapping
to concepts in BabelNet by using a disambiguation system. In the
online phase, first a query is enriched then preprocessing on
query is required, after that, by using a disambiguation system
all components are mapped to BabelNet's concepts. In the last
phase, by improving on visiting probability algorithm,
classification is done. For testing process, we used KDD2005 test
set, which is leading the series have been used. Results indicate
that between the approaches which are unsupervised and do not
use log data, proposed approach, has acceptable performance in
the point of view F; measure. In other words, by compare to best
approach which is unsupervised and does not use log data,
proposed approach improved 2%, but by compare to the best
approach which is unsupervised and uses log data the results get
worse and shows reduction of 11% in term of F; measure.

Keywords—Visiting  Probability, BabelNet, Web
Classification, Random Walks, Unsupervised Learning

Query

1. INTRODUCTION

Web search engines today allow users to pose queries
simply in terms of keywords. Most of the search queries are
expressed by only a couple of keywords. As a result, search
queries may be ambiguous. This is because Web users choose
terms to represent their information needs and search queries
reflects implicit and subjective user intents. In fact, some
queries have different meanings in different contexts. For
example, ‘‘Python’’ can mean an animal or a programming
language. It is very challenging for search engines to
understand Web users’ search goals only through their search
queries and satisfy the users with high quality results. Web
query classification is a well-known technique to help us
understand user search intents, thus improving effectiveness
and efficiency of Web search along several dimensions.
Actually, classification of a web query into an ordered list of
one or more set of predetermined category called “Web query

Fariborz Mahmoudi
Faculty of Computer and Information Technology Engineering, Qazvin
Branch, Islamic Azad University, Qazvin,Iran
Fzmahmoudi@gmail.com

classification”. Assigning appropriate categories to a query is
useful in many systems such as: Online Advertising,
Recommender system, Filtering Search Results, Query
Expansion systems, Personalization and Question Answering
systems. It can be concluded that the classification of the query
is one of the most basic component in natural language
processing and information retrieval systems. In this paper, we
also propose a classification of the previous methods for “web
query classification” problem, which is summarized in Fig. 1.
As it clear from the figure, previous methods classify queries
with respect to the Topic or the Type of queries. The second
level of figure shows that previous methods are supervised,
unsupervised or semi-supervised. Due to the lack of training
data in this area, most of the methods used semi-supervised
learning. The third level of figure reflects the use or non-use of
log data.

Query Classification
1

r 1

Query Topic Classification

Query Type Classification
1
I | ! r Il 1

Supervised Semi-Supervised Unsupervised Supervised Semi-Supervised Unsupervised

1 [ 1 1
r 1 r 1 r 1 r 1

Using NotUsing  Using Not Using

Using Not Using  Using Not Using Logdata Logdata  Logdata Logdata

Logdata Logdata Logdata Logdata

Lol

Bl 18] [10](7) 21 BIIS1 (403 (61 (ol

Fig 3. Previous methods for web query classification.

In “Query Type Classification” methods, a query is
classified according to type or task of it, but in “Query Topic
Classification” methods, a classifier according to topic of query
classify it in some predetermined classes.

II. OUR APPROACH

According to Fig. 1, the proposed method is: Query Type
Classification, unsupervised and it does not use log Data.
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The proposed system consists of three phases: mapping of
categories to BabelNet concepts [12], mapping of queries to
BabelNet concepts and finally, classifying queries by

improving on visiting probability algorithm [16]. Following,
each of these phases are fully described. The general
architecture of the proposed method is shown in Fig. 2.

I{_d[eguwl ] I Category 2 I

© J— —

) Computing
| Toml VI

e e .

1
7 }{a}rp:ug To BabelNet

Pre-Processing

Enriching

Fig 4.Architecture of proposed method

A. Mapping of categories to BabelNet concepts

In this phase, all categories are mapped to BabelNet
concepts. This is offline phase and done only once. First, each
category (category and sub-category) for disambiguation enter
disambiguation system [11] and after disambiguation, concepts
which are mapped to sub-category are used.

B. Mapping of queries to BabelNet concepts

Second phase is mapping queries to BabelNet concepts.
Unlike first phase, this is online and repeat for each query. This
phase contains three steps: in the first step, for enriching, the
query submitted to a search engine and three results are
fetched. In the second step, pre-processing on selected results
of search engine is done (by removing stop words and the
characters such as quotation marks, semicolons) and by using
N-GRAM model, query splits into semantic sequences. In third
step: the N-GARMs created in the previous step are
disambiguated through disambiguation system.

In this phase, in order to enrich the queries, Bing search
engine is used.

C. Computing Visiting Probability

After transferring all components of problem to BabelNet
graph, another important issue is how to explore the graph.
Therefore, the visiting probability algorithm [5] is used. This
algorithm computes the distance between nodes, and then
between sets of nodes, using the visiting probability from one
(set of) node(s) to another.

] 1
g 1| Computing | (R i i —
i1 Tomlve | ) Toul VP
! 1

Following, the algorithm is studied and then improved
algorithm is proposed. Now, the notations in this algorithm are
reviewed.

1) Notations
Let {Si‘l <i< n} be the set of n concepts or vertices in the

network. Any two concepts S; and S'; can be connected by one
or more directed and weighted links, which can be of L
different types. The structure of links of l(l << L) is fully

described by the matrix 4, of size nxn, where 4, (i, ) is the

weight of the link of type / between §; and § ;. The transition
matrix C; gives the probability of a direct (one step) transition
between concepts S; and S ;, using only links of type /. This

matrix can be built from the A, matrix as follows:

M

k=1

In the random walk process using all link types
l(l << L), let the weight I, denote the importance of link
type I. Then, the overall transition matrix C which gives the
transition probability C;; between any concepts S; and S ; is
C= ZL:W/ C - In this paper, all W, considered an equal. Also

1=1
value of parameter L is considered 29 (the reason for selecting
29 is explained in next section). In fact all edges of babelNet
are considered except “Antonym” edge.

Finally, let 7 be the n-dimensional vector resulting from
mapping a query fragment to the concepts of the network,
which indicates the probabilities of concepts in the network

given a query. In our approach, 7 is created in second phase.

2) Definition of visiting probability

-

For computing visiting probability, 7 and a concept S; in
the network, we introduce C' as being equal to the transition
matrix C, except that in row C’(j,k)=0 for all k. Also, we

introduce the probability of success at step 7, P (Succcess),

which is P’ (Succcess) = aT(;C’T)j. In this formula, (;C’T ),- is
the jth element of the vector el ,and C'"is the power T of
matrix C’ _Then, the probability of success in the process, i.e.

-

the probability of visiting S;starting from 7, is the sum over all
probabilities of success with different lengths:

(Success) = Z P (Succcess) =i a’ (;C’T )j @

T=0

3) Classification by improving on visiting probability
algorithm
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In this part, we introduce improved visiting probability
algorithm. Final classification is done in this phase. Inputs of
algorithm are outputs of first and second phase. Improved
visiting probability algorithm runs as follows: after mapping all
categories and a query to nodes in BabelNet graph at first and
second phase, we calculate visiting probability of query’s
nodes with first category’s nodes, then visiting probability of
first category’s nodes with query’s nodes should be calculated
and the means of two values is regarded as “Total Visiting
Probability”. Also Total Visiting Probability of the query with
other categories is calculated and three categories which have
largest values, are selected as categories of the query (the
reason for selecting three is explained in next section). In this
paper, improve on visiting probability algorithm is done on
structure of the transition matrix C’ which is fully described in
the following:

In visiting probability algorithm, matrix C was the sum of
the transition matrix C,and calculated as Eq. 1, but in
improved visiting probability algorithm there is not any
transition matrix C, . There is just one matrix C that calculates
as Eq. 3, also, there is a matrix B, (1 <]< L) which contains

nonnegative integer and shows number of link between S; and
S type L.

DRI W) B
ZBz(i’J)
+ n L /n:] L L
3 8k 33k -3 8|
P(Success) =p (Succcess) = (;C "’ )j “4)

Equation (3) shows that if famous nodes are given lower
value, visiting probability of these nodes are reduced.
Therefore, better results are achieved.

Improved visiting probability algorithm is shown in Fig. 3.

AR

. Number t y' .
Inpur: The output of first phase: [y (Num Af;(?i_f:j{ia;‘?(zi; nodes)
oy ey g ag
The output of Second phase: [X (Number of que ’ y '5_ nodes)
Nodes: q; (1 =i =x)
Ounfput: Total Visiting Probability of a guery s nodes from the category s nodes
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3: T, « T, + Computing Improved visiting probability of query node
with :.'ulego:‘yl.ﬁ' node using equation 3 & o with length 1
4: Ty +— Ty + Computing Improved visiting probability of qirm'}"noda
with category’s node using equation 3 & 4 with length 2
5: T3+ T3 + Computing Improved visiting probability of qrm:‘ylumi'e
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Fig. 5. Improved Visiting Probability Algorithm

III. EXPERIMENTAL RESULTS

In this section, we first introduce data set and evaluation
metrics. Then we present experiment results and compare
suggested method with other methods.

A. Data Sets

To test our approach, we conduct experiments on the
KDDCUP2005 data sets which are publicly available. The
KCCCUP2005 organizer provides a dataset which contains 111
sample queries together with the manual categorization
information [17]. The competition in KDDCUP2005 is about
classifying Internet user search queries and its task is to
categorize 800 queries into 67 predefined categories. Each
participant was to classify all queries into as many as five
categories.

B. Evaluation measures

Precision, Recall and F; measures are the standard
measures to evaluate the performance of query classification
methods [14].

In this section, we try to find optimal value for each
parameter. For setting parameters, we use 111 queries which
are presented in KDDCUP2005, in a way that, one of the
parameters is variable and others are fixed. Now, for each
variable, various amounts of it on the set of 111 queries
evaluated and get optimal value for that parameter. This
process is repeated until the optimum value for all parameters
is calculated.

The parameters of the system are as follows:

e T: The maximum path length to calculate the
visiting probability.
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e a (0 <a < 1): Path coefficient in calculating the
visiting probability.
e L (1 <L <30): The edge type between two nodes
in BabelNet.
e Maximum number of categories which are
selected for each query.
In this section, according to logical reasons, we assign
initial values to the parameters and using these initial values,
obtain optimal values.

To calculate the optimal value of the parameter T, all other
parameters according to the initial values are fixed and we
calculate the optimum value for T. The results are shown in
Table 1.

TABLE 1. COMPUTING OPTIMAL VALUE FOR PARAMETER T

TABLE 4. EVALUATION IMPROVED VISITING PROBABILITY ALGORITHM
ON KDDCUP2005

Precision Recall F,

Proposed 0.34 0.357 0.349

method

{(L=1,2,3,,29) (0= 0.8) (Maximum Number of Class =5)}, T="?

T 1 2 3 4

F, 0.271 0.30 0.34 0.32

In Table 2, the optimal value of the parameter o, and the
results of the different values of a is shown.

TABLE 2. COMPUTING OPTIMAL VALUE FOR PARAMETER a

{(L=1,2,3,..29) (T =3)

(Maximum Number of Class =5)}, a =?

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Fi | 037 | 0346 | 0.348 | 0.338 | 0.34 | 0.34 | 0.342 | 0.341 | 0.34

In Table 3, the optimal value of the parameter a, and the
results of the different values of a is shown.

To selecting optimal value for “edge type” parameter, all 30
edges of BabelNet and combination of them are considered.
The results show that when all edges except “Antonym” edge
of BabelNet are used, F; measure is the maximum, so the value
of the parameter L is adjusted to 29.

Table 3 shows the results to determine the “maximum
number of categories” parameter.

TABLE 3. MAXIMUM CATEGORY FOR EACH QUERY

{(@=0.1) (T =3) (L=29)}, Maximum Number of Class=?

Maximum 2 3 4 5

class

F,

0.341 0.392 0.380 0.371

C. Comparison

In this section, the proposed method is evaluated. The
results of improved visiting algorithm on test data of
KCCCUP2005 are shown in Table 4.

VY

Based on the above results, the optimal values for the
parameters are selected and by using these values, the proposed
system is adjusted.

In Fig4, the effectiveness of the proposed method
compared with other methods.

Semi-supervised
Using Log Data

Semi-supervised
NotUsing Log Data

Unsupervised
Using Log Data

Unsupervised
NotUsingLog Data

Fig. 6. Comparing proposed method with other methods

IV. CONCLUSION

In this paper, we presented our approach to solving the
query classification problem. Query classification is an
important as well as a difficult problem in the field of
information retrieval. Once the category information for a
query is known, the search engine can be more effective and
can return more representative Web pages to the users.
However, since the queries usually contain too few words and
there are no training data, it is hard to determine their
categories. For this reason most of the previous methods are
semi-supervised and there are just a few unsupervised methods
proposed. Nowadays, Due to the increasing volume of data and
the lack of training data, research progress in moving towards
unsupervised methods and proposed method of this paper is
unsupervised. In this paper by mapping all component of
problem to BabelNet graph and by improving on visiting
probability algorithm, a system for classifying web queries is
proposed.
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Abstract— Clustering is the process of grouping data objects
into set of disjoint classes called clusters so that objects within a
class are highly similar with one another and dissimilar with the
objects in other classes. The k-means algorithm is a simple and
efficient algorithm that is widely used for data clustering.
However, its performance depends on the initial state of
centroids and may trap in local optima. In order to overcome
local optima obstacles, a lot of studies have been done in
clustering. The Fashion Algorithm is one effective method for
searching problem space to find a near optimal solution. This
paper presents a hybrid optimization algorithm based on
Generalized Fashion Algorithm and k-means for optimum
clustering. The new algorithm is tested on several data sets and
its performance is compared with those of Generalized Fashion
Algorithm, particle swarm optimization, imperialist competitive
algorithm, genetic algorithm and k-means algorithm. The
experimental results are encouraging in term of the quality of the
solutions and the convergence speed of the proposed algorithm.

Keywords—clustering;  optimization;  k-means;  fashion
algorithm

INTRODUCTION

The amount of data stored in databases continues to grow
fast. Intuitively, this large amount of stored data contains
valuable hidden knowledge. Nowadays, Clustering has gained
a central position as a conceptual and algorithmic framework
that helps us make sense of data and reveal some underlying
structure that is hidden behind overwhelming streams of data.

Clustering is a search for hidden patterns that may exist in
data sets. It is a process of grouping data objects into disjointed
clusters so that the objects in each cluster are similar, yet
different to the others. Clustering has many applications in
social sciences, numerical taxonomy, computer science, data
compression and image analysis.

There are many algorithms that have been proposed to
perform clustering. However, due to a large variety of
applications, different data types and various purposes of
clustering, we cannot find a unique algorithm that can serve all
the requirements at once. In general, clustering algorithms can
be classified into two categories: hierarchical clustering and
partitional clustering [1,2]. Hierarchical clustering constructs a
hierarchy of clusters by splitting a large cluster into smaller
ones and merging smaller cluster into their nearest centroid [3].
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On the other hand, partitional clustering attempts to divide the
dataset into a set of disjoint clusters without the hierarchical
structure [4].

The most widely used partitional clustering algorithms are
the prototype-based clustering algorithms where each cluster is
represented by its center. The objective function (a square error
function) is the sum of the distance from the pattern to the
center. In this paper we are concerned with partitional
clustering for generating cluster centers and further using these
cluster centers to classify the data set. A popular partitional
clustering algorithm, k-means -clustering, is essentially a
function minimization technique, where the objective function
is the squared error [5]. However, the main drawback of k-
means algorithm is that it converges to a local minimum from
the starting position of the search [6]. To overcome this
drawback, many clustering algorithms based on stochastic
algorithms such as genetic algorithm [7], gravitational search
algorithm [8] and black hole algorithm [9] have been
introduced.

The fashion algorithm (FA) is a sociologically inspired
population-based optimization algorithm. It has been proposed
to find optimum point on various issues with consideration of
the cycle of fashion and unfashionable by Ramezanian and
Shirmohamadi, recently [10]. This algorithm works as follows.
It starts from a set of individuals in an initial state. These
individuals are supposed to be possible answers to a given
optimization problem. The Individuals are divided into two
categories: Stars and Followers. Stars attract the followers
toward themselves through diffusion of innovation and fashion.
The emergence of new fashion from the old fashion forms the
fundamental core of this algorithm and makes the followers
move toward the optimum points of the given problem. In this
algorithm, fashionability is viewed as an indispensable part of
cultural evolutionary process of human and the quality of its
impact on different individuals is being used in the field of
evolutionary computation.

In this paper, we address the application of a hybrid
algorithm based on the generalized fashion algorithm (GFA)
and k-means algorithm, called GFA-K, on cluster analysis. The
performance of the proposed approach has been tested on
several standard and real datasets, and the results have been
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compared with some other techniques. The rest of the paper is
organized as follows: Section two provides a brief background
on clustering problems and k-means algorithms. In Section
three the fashion algorithm is introduced. In Sections four and
five, GFA and GFA-K algorithms are described in detail,
respectively. In Section six, the feasibility of the GFA-K is
demonstrated and compared with GFA, ICA, PSO, GA and K-
means for different data sets. Finally, Section seven includes
summary and the conclusion.

BACKGROUND ON CLUSTERING AND K-MEANS ALGORITHM

Let X = {XI,XZ,...,XN} be a set of N data objects. Given

such a X, the aim of a clustering algorithm is to find a
partition, C = {Cl,Cz,...,C K} of K groups, that produces
objects within the same group that are as similar to each other
as possible, while objects that belong to different groups differ
as much as possible. The resulting partitions are called clusters
and should have the following properties:

e Each cluster should contain at least one data object, i.e.,

C,#®Vie{l2,. K}

Different clusters should have no object in common, i.e.,
C;NC;=®,Vi# jand i,j e {1,2,..K}.

Each data object should be assigned to a cluster. In other
words, after assigning objects to clusters, the sum of
objects in all clusters should be equal to the number of

. . . . K
objects in the original dataset, i.c., Ui:l C =X.

The k-means clustering is a simple and fast method used
commonly due to its straightforward implementation and small
number of iterations. The procedure follows a simple and easy
way to classify a given dataset through a certain number of
clusters (assume K clusters) fixed as a priori. The main idea is
to determine K centroids. These centroids should be placed in a
cunning way as different locations cause different results. So,
the best choice is to place them as much as possible far away
from each other. The next step is to take each point referring to
a given dataset and associate it to the nearest centroid. When
no point is left out, the first step is completed and an early
grouping is done. At this point we need to recalculate K new
centroids as centers of the clusters resulting from the previous
step. After we have these K new centroids, a new binding has
to be done between the same dataset points and the nearest new
centroid. A loop has been generated. As a result of this loop,
we may notice that the K centroids change their location step
by step until no more changes are done. In other words,
centroids do not move any further. Finally, the goal of this
algorithm is to minimize an objective function, which in this
case is a squared error function. The objective function has
been calculated as follows:

Cost(X) = ﬁminﬂ}’j - X,.||}, j=123,..,K (1)
i=l1

Yo

Where, "Y,-—X j" is a chosen distance measurement

between a data input X; and the cluster center Y;, N and K are
the number of input data and the number of cluster centers,
respectively.

The algorithm is composed of the following steps:

1. Place K points into the space represented by the objects
that are clustered. These points represent initial group
centroids.

2. Assign each object to the group that has the closest
centroid.
3. When all objects have been assigned, recalculate the

positions of the K centroids.

4. Repeat Steps 2 and 3 until the centroids are immobilized.

ORIGINAL FA

In fashion making, followers try to show their appearance
the same as stars; the stars subsequently would be changing
their standards and values quickly to save their previous
position and distance for not losing their excellence. The
continuation of the process causes a permanent cycle that the
lower strata and middle class are always following the ~ high-
classes, and the high-classes are also trying to alter their
standards; in other words, the high-classes are the creator of
fashion and the low-classes are its consumers. In this
procedure, the fashion owners desire to be seen more than
others, and along with, they want to be seen more beautiful and
better; they know that a fashion is a short social stimulus, so
they are always trying to propose a new phenomenon after the
previous short-life phenomenon.

Initial population

The initial population is sorted by normal distribution
randomly which its number depends on the type of search
space.

PopulaliOI’l = [personl 9person2 "“’personN[mp J

2

Where, N, is the population size.

op

Calculation of individuals merit rating
In a d-dimensional optimization problem, a person is an

1xd array. This array is defined by
person:[pl,pz,...,pd] 3)

Where, each p; is assumed as a factor of fashion in human

society. After generating the initial population randomly, using
the function f{x) each of the individuals merit rating would be
calculated as follow:

S (person;) = f(Pit> Pizseos Pia)> i €L Ny 1 (4)



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

Stars selection

After calculating the individuals merit rating using function
f(x), the best individuals would be selected and considered as
stars. The number of stars would be considered 5 to 10 percent
of total population.

Selection of followers and their stars concerned

In this part, regarding the merit rating of each star, the
number of its followers would be identified by

star;)x100
NumFollowers y,, =round f(er—) XN foitowers |
> fstan)
ie [1,...,Nmml (5)
Where N, is number of the stars and N 4, is number of

the followers. To increase exploration, the followers of each
star are identified randomly. This action caused the followers
would search more space during their movement toward stars.

Stars movement

Each star starts from a very small radius for assimilation
and finds the more proper merit point and changes its place; if
there is not any position in this radius, the algorithm will seek
the better position in the bigger radius. And finally, if there is
not any such a better point, it will save its previous position.
The maximum size of this radius calculates with Rg,,
parameter which it can be altered based on the problem search
space and the proper selection of maximum size caused the
avoidance of entanglement in local optimum.

Let Star;.Position be the current position of ith star, and

Star,.NewPosition be the new position of ith star. the new
position of the star is computed as follows:

Star, NewPosition = B, x rand x Star;.Position

By € (0,Ryy |- (6)
Where, [, represents the search radius of the stars in each

iteration that its value has to be increased accordingly as the
iterations proceed, and rand is a vector with random values
between 0 and 1.

The movement of followers

In FA, there are two kinds of follower: the usual followers
and the attractive followers. The usual followers imitate the
stars. This kind of followers moves towards their relevant star
as follow:

F ollowerSf NewPosition = o x F ollowerSf Position...

+(1—a) x Star; .Position

(7

\ 7

Where, Follower; .Position is the position of jth follower of

ith star, Star;.Position is the current position of ith star, and
is a random variable with uniform distribution.

The attractive followers have talent to be stars and have a
high-merit rating. Some of them who have a better position are
seeking the innovation without following the fashion, they are
searching for innovation within a given radius and in the cases
of better position they change their positions or remain at their
positions to search wider radius in the next period. The
maximum radius is identified by R .., , it is changeable in

the different search spaces, and its amount depends on the type
of search space. The new position of the attractive followers is
calculated as follow:

Followersj .NewPosition = 3, x rand x Follower; .Position

:Bf € (OaRfollower I8 (8)

Where, B, represents the search radius of the followers that its

value has to be increased accordingly as the iterations proceed,
and rand is a vector with random values between 0 and 1.

Decade

It can be seen by looking at fashion magazines what clothes
in what decades were fashion. Considering this explanation, the
importance of decade concept in this algorithm can be
understood; based on it, many of changes including removing a
star and an individual attempts to become a star are set in
decades.

Bring into account the decade concept and its assimilation
in algorithm, all the replacements of the stars are put into the
decades. In the way that in a decade, stars and followers are
given an opportunity for finding better position; after a decade
is finished, if they could not find a new and acceptable
innovation, the stars would be replaced by individuals
deserving more merits.

GENERALIZED FA

The FA algorithm like many stochastic algorithms suffers
the lack of ability to global search properly in the large and
complicated problem space. In order to overcome this
drawback of FA, this article recommends a generalized fashion
algorithm (GFA).

The movement of usual followers

In the original FA, the followers’ movement because of the
constant o parameter has a monotonic nature, so the followers’
movement could not be adapted with the search process.
Therefore if the algorithm traps in the local optima, it cannot
leave it and move towards the global optima. For solving this
problem, and make balance between the explorative and
exploitative search, we redefine Eq. (7) as follow:

Follower; NewPosition = Follower; Position...
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+ a x rand x (Star;.Position — F ollower; .Position),

©

2

a= 1< DC < Decade.
Decade+(1-DC)

(10)

In equations (9), (10), a represents the imitation coefficient that
dynamically adjust the movement of followers to the stars
during the search space, rand is a vector the same size as the
individuals containing random values drawn from the uniform
distributions, Decade is the decade parameter, and DC is
decade counter that its value has to be increased from 1 to
Decade accordingly as a decade proceed.

The imitation coefficient, a, starts with a low value and
gradually increase according to Eq. (10) during a decade.

Stars competition and cooperation strategy

In the original FA, each group, which is consisted of a star
and some followers, searches the problem space independently
of the other groups. In other words, there is no way for
competition or sharing information among the groups.
Therefore, FA may easily get trapped in a local optimum when
solving complex multimodal problems.

In order to improve performance of FA algorithm on
complex multimodal problems, we present the competition and
cooperation operator for stars utilizing Competitive and
cooperative behavior of agents in the multi-agent systems.

Firstly, we define the topological structure of stars, which
refers to the interconnected way among the whole stars in the
population and the neighborhood structure, which refers to the
interconnected way between one star and the other one. To
date, the researches for neighborhood topological structure
mainly are forms of global coupling net (GLOBAL), cycle net
(CYCLE), random net(ER), star net (STAR), scale-free like net
(SFL) and so on.

In this paper, a random cycle topological structure is
proposed, in which each star can exchange information with
two stars around it [11]. The structure improves the
shortcoming that the neighborhood of cycle structure is only
determined by the position subscript of agent. After the
evolution of each generation, the neighborhood of each star can
be randomly selected. Let the number of the stars be equal 6 in
the population, 4 = [Starl,Starz,...,Staré] be an array, which is
held the whole INX =[4,1,5,3,6,2] represents the
positions of stars in the random cycle topological structure,
which is a random permutation of elements in ﬁ,2,3,...,6], and
A’ represents the random cycle topological structure in each

iteration. Thus the stars can be arranged in A according to
INX as A= {Star4,Star1,Slar5,Star3,Star6,Star2}, Fig. 1

shows this reconstruction process of random cycle topological
structure.

stars,

ARY

| Star1| Star2| Star3| Star4| Star5| Star6|
N - - B

-

e S
4 - A b\
| Stard | Starl | Star5 | Star3 | Star6 | Star2 |

Fig. 1. The reconstruction process of random cycle topological
structure

Suppose that the star « located at ith position of the
random cycle topological structure is represented as¢;, then

the neighbors of ¢; are defined as follow:

N, :{al-l,al-z} (11)

Where,

) i—-1, i#l ) i+1, i#1
L= . > I = .
Ny =1 1, i=N

star

Suppose that the competition and cooperation operator is
performed on the star «;, and m is the star with the best value

of objective function among the neighbors of N,. If
f(a;.position) be better than f(m.position), star ¢«; is a
winner; otherwise it is a loser. If star ¢; is a winner, it can still

live in the random cycle topological structure, and its position
in the search space will not change. If it is a loser, it must die,
and its location will be occupied by a new star NewStar; . The

new star is determined by the following strategy:

NewStar;. position = m.position...

+rand x (m.position — a;. position) (12)
Where, rand is a vector the same size as the individuals
containing random values drawn from the uniform
distributions.

HYBRID GFA-K

The k-means algorithm is very simple and can be easily
implemented in solving many practical problems, but it has
some drawbacks. First, its result may depend on initial values.
Also, it may converge to local minimum.

The GFA can pass local optima to some extent but cannot
guarantee reaching to global optima. However, GFA’s
computational complexity for data clustering is much more
than k-means. In this research, a new hybrid technique based
on combining the K-means algorithm and GFA, called GFA-
K, has been presented. The GFA-K searches for cluster centers
of an arbitrary data set as does the K-means algorithm, but it
can effectively and efficiently find the global optima.

In the proposed algorithm, first, the individuals are
initialized in GFA. Each of individuals contains K cluster
centers which are displaced in the problem space by
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performing GFA algorithm. The GFA continues to perform
until a decade is over. After a decade is finished, the position of
the worst star is considered as the input of k-means algorithm.
Then, k-means algorithm starts working and while it is not
converged, it continues working. Consider the search process
of GFA-K is located in a local optimality region and k-means
algorithm is performed on the best star. Since k-means
algorithm has a low ability in passing local optima and the best
star is guiding searching process due to star competition
operator, the GFA-K may not escape from the local optimality
region. Flowchart of the proposed clustering algorithms is
shown in Figs. 2.

To apply the GFA-K algorithm on clustering the following
steps should be repeated:

Step 1: Generate an initial population
An initial population of input data is generated by random
initialization as follow:
X
X,

Population =

XNPUP
X; = Person; = [Centerl,Centerz,...,CenterK ], i=12,.,N,,
Center; =[C,,C....Cy ], j=12....K (13)

Where, Center; is jth cluster center for ith person, X; is one
of the persons, N,,, is the number of population, d is the

dimension of each cluster center, and K is the number of
clusters.

Step 2: Calculate objective function value

Suppose that we have N sample feature vectors. The
objective function is evaluated for each person as follows:

Step 2-1: i=1and ObjectFun=0.

Step 2-2: Select the ith sample.

Step 2-3: Calculate the distance between the ith sample and
Center;(j =1,...,K).

Step 2-4: Add the value of ObjectFun with the minimum
distance calculated in step 2-3:

(ObjectFun = ObjectFun + min(|Centeri -Y,i=12,.,K)).

Step 2-5: If all samples have been selected, go to the next
step, otherwise i=i+1and return to step 2-2.

Step 2-6: Cost(X)=0ObjectFun. The objective function is
calculated mathematically as below:

YA

N
Cost(X) = Zmin(ICenteri -Y,|i= 1,2,...,K)

m=1
(14)

Where, N is the number of input data.

Start

Generate an initial population and estimate the
number of cluster

!

Calculate the cost function for each population and
then, sort the initial population based on cost

v

Select the star states, Divide followers among

<
<

Move the usual followers toward their relevant star,
and search around the attractive followers for finding
the hetter nositions within a eiven radins

v

Search around stars for finding the better positions
within a given radius

v

Do stars competition

No ‘
q—< Is finished a decade? >

Yes

\ 4

Select the worst star, and consider its position as the input of
k-means algorithm. Run k-means algorithm. When it is
converged, replace the worst star position with the output of

k-means algorithm.
No :

v

Is there any follower in each group, which has >

lower cost than his star does?

Yes
v

Exchange the positions of that star and follower

[
>

A No
< Is the stop condition satisfied? >—
Yes
\ 4
End

Fig. 2. The flowchart of GFA-K algorithm

Step 3: Sort the initial population.
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The initial population is ascended based on the value of
their objective function.

Step 4: Select the stars and Divide followers among them.

Calculate the number of followers for each star according
to Eq. (5), and choose the set of its followers with random.

Step 5: Followers movement.

Update the position of usual followers according to
equations (9), (10), and update the position of attractive
followers according to Eq. (8).

Step 6: Stars movement.

Update the position of stars according to Eq. (6).
Step 7: Do stars competition.

Step 8: Check a decade is over

Let itr be the iteration’s number of proposal algorithm and
Decade be the decade parameter. If itr divided by Decade
gives a remainder of zero, a decade is over. Otherwise, go to
step 5.

Step 9: Use k-means algorithm for the worst star.

After a decade is finished, to use k-means algorithm
advantageous, the position of the worst star is considered as
initial cluster center for k-means clustering problem. When the
k-means algorithm is converged, the position of the worst star
replace with its output.

Step 10: Check the cost of all followers in each group.

During the previous steps cost of each follower might have
changed .Check the cost of all followers of each star, if there is
one that have a lower cost than its relevant star, exchange their
positions.

Step 11: Check the stop condition.
If the stop condition is satisfied, stop. Else go to step 5.

EXPERIMENTAL RESULTS

Four real datasets are used to validate our proposed
algorithm. These datasets are named Iris, Wine, Vowel, and
Contraceptive Method Choice (CMC). Each dataset has a
different number of clusters, data objects and features [12].
These datasets are summarized in Table 1.

We have compared the performance of the proposed
algorithm on the selected datasets with the GFA, ICA [13],
PSO [14], GA [15] and k-means algorithms. To make
comparison among these algorithms we choose the initial
population of 80 for all of them. The parameters required for
implementation of the GFA-K and GFA algorithms
are Ry, » R e » Decade and N, In this paper, the best

stars *
values for the aforementioned
Ry = Rpppiower =1.5, Decade=5, N,

stars

star >

parameters are
= 8. In GA, mutation

and selection rates are 0.2 and 0.8 respectively, for PSO,
cognitive and social parameters are equal 2 and inertia weigh in

V4

each iteration is calculated by w=0.5+(Rand/2), in ICA,
the number of imperialists is equal 8, f=2,and £=0.1.

We have used the sum of the intra-cluster distances as
criteria to evaluate the performance of algorithms, as defined in
Eq. (1), note that the smaller the sum of the distances is the
higher the quality of the clustering. Since all of the algorithms
are stochastic algorithms, to counteract against the randomized
nature of the algorithms and to indicate the consistency and
robustness of the algorithms, 20 independent runs were
conducted for each experiment. All the simulations were done
during 1000 generations.

Tables 2 to 5 present a comparison among the results of the
algorithms on four real-life data sets. The simulation results
given in Tables 2 to 5 show that proposal algorithm, GFA-K, is
very precise and reliable. In other words, it provides the
optimum value and small standard deviation in comparison to
those of other methods. For instance, the results obtained on
the iris dataset shows that GFA-K converges to the global
optimum of 96.6554 in all of runs and GFA and ICA reach to
96.7 at almost times while the average solutions of PSO, GA
and K-means are 96.95, 113.93 and 103.038, respectively. The
standard deviation of the fitness function for GFA-K is 0,
which it significantly is smaller than other methods. Table 3
shows the result of algorithms on the wine dataset. It brings us
into the conclusion that although the best solution of GFA-K,
GFA and PSO is the same but GFA-K has a better average and
worse solution in comparison with those two methods. For
CMC dataset, the results of the GFA-K algorithm are far
superior that of others. The standard deviation of GFA, PSO,
ICA, GA and k-means are 12.51, 20.44, 32.27, 107.77 and
453.38 while this is 0.0023 for GFA-K which shows much
difference compared to others.

Figs. 3 show the convergence characteristics of algorithms
for the best solutions on vowel dataset. The Simulation results
show that K-means algorithm converges faster than the other
algorithms but converges prematurely to a local optimum. The
GFA-K algorithm converges to the global optimum after 46
iterations while GFA converges to the global optimum in about
520 iterations.

TABLE V. CHARACTERISTICS OF DATASETS CONSIDERED.
Dataset | No. of classes | No. of features Size of dataset
Iris 3 4 150(50,50,50)
Wine 3 13 178(59,71,48)
cMC 3 10 1473(510,334,629)
Vowel 6 3 | 871(72,89,172,151,207,180)
TABLE VI. RESULTS OBTAINED BY THE ALGORITHMS ON IRIS DATA

Method Function value Std”

Fbest Faverage FWO rst
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Method Function value Std*
Foest Faverage Fuorst
GFA-K 96.6554 96.6554 96.6554 0
GFA 96.6554 96.7354 97.1968 0.19
ICA 96.6554 96.7216 97.2367 0.2
PSO 96.6554 96.9531 98.8434 0.54
GA 99.5627 113.935 126.008 5.82
K-means 97.3259 103.038 128.404 12.31

# Standard deviation

TABLE VII. RESULTS OBTAINED BY THE ALGORITHMS ON WINE
DATA
Method Function value Std
Foest Faverage Fuorst
GFA-K 16292.18  16293.31  16294.17 0.83
GFA 16292.18 16293.45 16295.04 0.95
ICA 16293.42 16297.56 16305.95 3.89
PSO 16292.18 16302.01 16329.11 13.73
GA 16311.83 16380.05 16494.79 50.36
Kemeans 16555.68  17793.79  18436.95 875.90
TABLE VIIIL RESULTS OBTAINED BY THE ALGORITHMS ON CMC
DATA
Method Function value Std
Foest Faverage Fuorst
GFA-K 5693.724 5693.725 5693.731 0.0023
GFA 5693.724 5699.235 5734.315 12.51
ICA 5695.941 5726.55 5804.801 32.27
PSO 5693.724 5704.11 5770.88 20.44
GA 5951.97 6102.42 6355.50 107.77
Kemeans 5703.43 5844.73 7177.52 453.38
TABLE IX. RESULTS OBTAINED BY THE ALGORITHMS ON VOWEL
DATA
Method Function value Std
Foest Faverage Fuorst
GFA-K 148967.24  149197.90  150817.33 460
GFA 149041.13  150226.31  167122.93 1865.7
ICA 149063.31  153237.72  167351.17 4943.5
PSO 148967.24  150066.42  152837.33 1167.0
GA 149383.99  168645.69  187626.12 6119.7
K-means 149383.99  157479.15  182350.24 10260
CONCLUSION

The fashion algorithm is a new method, which has great
abilities to cope with different types of optimization problems.
However, it is still in its infancy and intensive studies are
needed to improve its performance. In this paper, a novel

hybrid method, which is based on fashion algorithm and
k-means algorithm, is used in clustering data objects. It tries to
exploit the merits of two algorithms simultaneously, where
K-means algorithm is used for the worst star to fine tuning just
after a decade is over by GFA. In other words, we combine the
global search ability of GFA with local search ability and high
convergence speed of k-means, in this work.

The experimental results indicate that the GFA-K algorithm
is comparable to other algorithms in terms of best, worst and
average solutions and standard deviation. The convergence of
the proposed hybrid algorithm to the global optimum solution
is better than that of other stochastic algorithms. Regardless of
robustness and efficiency of the proposal algorithm, it is
applicable when the number of clusters is known as a priori.

x10°

— PSO
GA il
ICA
—GFA
— GFAK
K-means

Best Cost ( Vowel DataSet)

Iteration

Fig. 3. Convergence characteristic of algorithms on Vowel data
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Abstract—This paper presents a sonar vision algorithm
applied to omnidirectional vision. It provides autonomous
navigation for a mobile robot in an unknown environment. It
uses omnidirectional images without any prior -calibration
and detects static and dynamic obstacles. It estimates the
most intended path based on visual sonar beams in front
of the robot. The proposed method was tested on a mobile
robot in indoor environment. The experimental results show
acceptable performance considering computation costs.

Index Terms— Robot Navigation, Omnidirectional Vision,
Mo- bile Robot, Vision Navigation.

I. INTRODUCTION

The purpose of mobile robot navigation, moving in a
structured or unstructured environment, and is
transferred to the target.Vision-based mobile robot
navigation, in a structured environment, without having
any prior knowledge of the envi- ronment, a very
powerful capability for robots is considered. A major
advantage of image-based navigation systems, no need
to have other sensors, and thus reduce the cost.

Omnidirectional vision sensor for mobile robots are
valuable because they are just in a frame provide full
visibility of the surrounding environment of the robot
[1]. This is important because knowing the positions of
objects in the surroundings of the robot, will help robots
to perform tasks such as matching or intuitive navigation
map. 360 degrees field of view reduce visual perceptual
bad view. In addition, use of omnidirectional vision
system in a very dynamic environment and a burst
of consecutive images of the environment around the
robot, provides easy to use tracing techniques, to follow
the desired objects.

ch allow the robot to navigate

AR

in different
environments. First behavior, estimate the path. And the

MohammadrezaA.Oskoei
FacultyofMathematicsand
ComputerScience
UniversityofAllamehTabatabai
ShahidBeheshtiAve., Tehran,Iran
Email:oskoei@atu.ac.ir

second behavior, identify barriers and lack of dealing
with them, which takes place during the pursuit. Both
actions are performed using sonar vision algorithms [2]
directly on omnidirectional images [3]. Both techniques
are implemented simultaneously. The important point
is that, omnidirectional images, does not require any
calibration. Also we do not change, the appearance
of the

Fig. 1. An example of the image captured by our catadioptric system

image all the way, and all the steps can be performed
directly on the original omnidirectional images.

The rest of the paper is as follows. In the section II,
we’ve talked about special omnidirectional system,
which created. In the section III, we have explained, the
sonar vision algorithms. Also in this section, we describe
the algorithm for estimating the path, avoiding
collisions with obstacles and also remove the light
reflection from the surface. In the section IV, we present
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how the robot navigation. Then in the section V, presents
the experimental results and discuss them. Finally,
Section VI presents the conclusion and future plans we
have.

II. OMNIDIRECTIONAL VISION

Since in this project we used omnidirectional camera
for mobile robot navigation and purpose of the system is
guided robot to specific locations in a way that does not
collide with obstacles and objects ahead and have the
ability to avoid a collision, thus have an omnidirectional
camera if can observe uniform picture from
surroundings of the robot and objects is good. The
sanctions that Iran has been involved in recent years, as
well as high cost omnidirectional vision system to buy
from abroad and To obtain this kind of vision technology
so we decided to take a different mirror catadioptric
visual system design and build. we use [1, 4, 5] to build
our mirror. For this reason, we have implemented our
design, build and

Fig. 2. Technical designed of our mirror

optimize omnidirectional vision system, with financial
support, the Science and Technology Park of Gilan.
This research was conducted by Grant No.2306 and
Grant No.1591 and generously funded by the Science
and Technology Park of Gilan. Technical designed of our
mirror is in figure 2. Figure 1 show an example of the
image captured by our catadioptric system.

In this paper we present a method for visual sonar,
which was presented by Boyan Bonev and colleagues
have used [3]. In this work, we only have to estimate the
direction and to avoid colliding obstacle with visual
sonars used.

III. SONAR VISION

vy

Fig. 3. Obtain the unit vectors of a visual sonar

the help of equation 1, sonar vision production and
then we estimated path and the obstacles identified.
Since our image is black and white, each pixel has
a value of 255 was the first visual sonar, as it will
prevent detection. To calculate the final motion vector
that represents the path is correct and unobstructed path
we took advantage of the unit vectors. As such, we’ve
created a vector of motion using visual sonar vectors.
Unit vectors added together and all the sonar target point
representing the path is open and unobstructed to obtain.
Then we point the ultimate goal and direction from
the point of origin to the point of final motion vector
drawing that represents us. Calculating a path through
the following equations:
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In this work, we developed a method based on

sonar vision rings of the omnidirectional image
inspired provided that known as the OmniVisual sonars
(OV-sonars) introduced in [3]. The omnidirectional
sonar including virtual beams [2, 3], which is a circle
from the center and all the way up to the point where

a gradient of the image would continue. The important

thing is that we have not done any calibration on the

camera image and the images are processed directly in

the mirror and get to navigation. In this method, we

directly use the image all the way to the navigation and

images does not become to the panoramic image or the
birds eye image. Therefore, processing speed has gone
up as a result of the reaction of the robot path goes up
against obstacles.

According to [3] k-th sonar Vi = {vy, ..., v;} shows
apeak

of r pixel of the omnidirectional image. any pixel v; tally
with:

vi= I {isina +Cy,icosa +Cy}

(1

o =

k.2mw/Ng

where 1 o0 is the main 2D omnidirectional image with
semidi- ameter r and center in (Cx, Cy) and Ny is
the number of sonars proceed for each image. Figure 1
determine method of producing a visual omnidirectional
sonar.

To do this, first we detect of the image edge with Sobel
edge detection algorithm. Then the gray image with an
appropriate threshold are converted to black and white
image. Then with

in = VX2 - Vxl (2)
Vyi = Vyo — Vy (3)
fi(x, y) = Vii + Vy; “4)

In this work, we predict the path for navigation, and
along the way we will use the method of obstacle
avoidance. An important point is that in all phases of
navigation, just the way we use visual sonar. For obstacle

Y¥

avoidance we use the mothod in which Boyan et al [3]
have proposed to have developed and innovative
approach to predict the path will produce the visual
sonar. Figure 3 define that how we obtain the unit
vectors of a visual sonars. In figure 4-A method of
visual sonar vectors to obtain the final vector and 4-B
an example of a visual sonar vectors and obtain the
final route are shown.

A. Obstacle Avoidance Based Sonar Vision

To identify obstacles and deal with them in
accordance with [3] we use 17 visual sonar. But changes
in the scattering sonar created (Figure 5-A).

We have to create a semi-spherical sonar, were
inspired by  [6]. But in the experiments, we found
that there are problems in navigation. So we created our
own special sonar. See figure 5. We have formed the
sonar because: 1-Generally, no obstacles behind valuable
for navigation, thus the behind barriers would not affect
to navigation. 2-The vector that represents the outcome
of the move, when there is no obstacle

Fig. 4. A) Method of visual sonar vectors to obtain the final vector. B) An
example of a visual sonar vectors and obtain the final route.

\ B

Fig. 5. Our visual sonar vectors A) without obstacle B) with obstacle.

nowhere, the final vector selects straight forward if there
is no obstacle in the way when Boyan scattering sonar,
not choosing the right track. 3-When forward path is
completely blocked, the resultant vector indicates the
reverse direction, in case if sonar in semicircular form,
do not choose a path. 4-In this case, do not need our
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robots have a circular shape. Figure 5 A and B display
our sonars. Figure 6 A and B display semicircle sonars.
As you see despite the length of the final vector is
small but just right direction is detected. In the section
II1-B you will see how we will solve this problem.

According figure 7, you can see that in the case of
Sonar are fully when there is no obstacle in the final
vector is zero. In the figure 6, you can see that when the
Sonar semicircle despite a correct diagnosis in the
absence of an obstacle course but when there is an
obstacle in the path can not be detected correctly. In the
figure 5, you can see that when the sonar are as
follows: in both cases, unobstructed and obstructed, the
resultant vector, correctly detects the correct path.

A B

Fig.6. SemicirclevisualsonarvectorsA)withoutobstacleB)withobstacle.

Fig. 7. Circle visual sonar vectors

A B

Fig. 8.
obstacle

Used Sonars to estimate the trajectory A) without obstacle B)with

Yo

B. Direction Estimation Based Sonar Vision

We used an innovative method for estimating path.
To do this we use a lot of visual sonar, to estimate
the path. Unlike [3] that a large number of visual sonar
to detect small obstacles sees fit, we hypothesized that
the large number of sonar due to the resultant vector,
recognizes the right track and will determine the path,
and we will show the right path to take. The reason for
this claim is that due to the large number of sonars,
despite dealing with small obstacles, but the end result
Sonar on the right track and will be open. To do this,
we created a visual sonar for every 2.5 degree. To
complete the picture 360 degrees, we took the 144 sonar
use. The tests found that the estimated path of the robot
do not need back sonars, as well. Therefore, to estimate
the direction of 108 sonar, we use the form in figure 8.
As you see in 8 - A the best direction estimated when
there is no obstacle and correct path estimated when
obstacle is in the robot forward.

C. Remove The Light Reflected From The Surface

Usually this happens on the surface gloss with light
sources and the issue of domestic environments, are very
common. Landscape reflected light is like an obstacle.
To solve this problem, we decided to detect reflected
light, and we forget them. In [3] boyan said that a pixel
belongs to a reflected light when the HSV color space has
a low saturation value (S), and a high value (V) is.
Gradient of pixels with large difference V — S do not
need be considered as an obstacle. So unlike [3]

, only the value w(i) with a certain amount of more than
100 tests were compared. If the number is above 100,
it 1s not a barrier, and if the difference is below 100, the

obstacle is detected.

w(i) =V —S %)
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Fig. 9. Remove the light reflected from the surface

E.ﬁfat Obstacls, if wil) = 100
Obstacle , {Ff w(t) « 100

Where v(i) and s(i), are value, and saturation of
pixel i in the HSV color space.

In all experiments and implementations in both the
path and the minimal estimate of the barrier, the
algorithm used to re- move the light reflected from the
surface. The following figure shows an example of the
implementation of this algorithm. As you can see, all
three pictures show the moment of testing. In figure 9 -
A picture is related to the obstacle avoidance, and image
9 - B, the estimated path is. In both cases, the reflected
light is detected correctly. In figure 9 - C, the
reflection of light on the floor you can see a complete
form.

IV. NAVIGATION

We use a very simple method for robot navigation. To
obtain the direction of the robot, we average the
final angles of estimate an obstacle avoidance vectors to
obtain the angle of the robot motion. Equation 6, use
to obtain the final vector of estimation vector and
obstacle vector as well. Algorithm 1, also, show how
robot navigation in our project.

\R4

f':

In this algorithm, when the final vector angle is
between -2 to 2, is moving forward. Otherwise, the robot
rotates to the right or to the left. As you can see, our
motion algorithm is very simple. However, despite this
simplicity, very accurate, and in almost all cases, the
robot has detected the correct path. Also nowhere with
not hit any obstacle. Neither fixed nor prevent movable
barrier.

Algorithm 1 Navigation

INPUT: a <« Angle where path estimate is achieve
INPUT: B « Angle where obstacle avoidance is
achieve OUTPUT: SA « Turn speed

OUTPUT: SF « Forward speed

Begin

if 2<(a +B)/2 <90 then
SA=0.2,SF=0

end if

if =2 < (a +B)/2 < —90 then
SA=-02,SF=0

end if

if =2 <(a +B)/2 <2 then
SA=0,SF=02

end if

End

V. EXPERIMENTS AND RESULTS

In this chapter we present our experiments on the
robot ATRV-JR was tested. Figure 10 shows the image of
the robot. Omnidirectional mirror that used in these
experiments, it was designed and built by our initiative.
The mirror using a simple digital camera, an
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omnidirectional  vision system has become.
Omnidirectional mirror that was wused in these
experiments, it was designed and built by our initiative.
The mirror wusing a simple digital camera, an
omnidirectional vision system has become.

Laptop computer experiments we use it, have the
following characteristics:
Model: DELL Studio XPS 1340
Central Processing Unit (CPU) : Intel(R) Core2 Dou
P8600
@ 2.40 GHz
Physical Memory X2 2 GB =
4GB Software:
Software, given the time constraints of the process is
planned in C ++. Visual library of digital camera was
used to record, OpenCV under the ROS have been
implemented. Operating system on which the software
runs, Linux Ubuntu is. The interface for the robot, the
environment is ROS.

The experiments were performed at ambient,
indoor en- vironments are Qazvin Islamic Azad
University Department of Electrical, Biomedical and
Mechatronics Engineering. Fig- ure 10 shows the image
of the corridor and robot when the tests were being
conducted.

Test results: Processing time, (the estimated path and
the lack of an obstacle), as well as the implementation
of control commands to move the robot, is
approximately 100 millisec- onds.

Figure 12 shows the vector angle of the end result,
which is sent to the robot motion. 96.9% of the cases,
the deviation is below 10 degrees, and only 3.1%, is
more than 10 degrees. Also, in cases of 81.3%, below 5
degrees, and at 18.7%, is more than 5 degrees. Because
of the large deviation, robots

50

40

+  [Estimate Direction
Desired Direction

500 1000

Fig. 12. Result of the angle where path estimate and obstacle avoidance
achieve for a corridor. 96.9% of the cases, the deviation is below 10
degrees, and only 3.1%, is more than 10 degrees.
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Fig. 10. An image of a robot and interior corridors.

are not placed in the right direction at first, to test
whether the robot detects the right direction, or not?
Because of the large deviation in the end, because it is
also a movable barrier (human) we pass to the next
robot, which is to be determined whether the robot is
able to detect a moving obstacle, or not? As is
known, the beginning and the end, the direction is
detected, and prevents properly diagnosed, and robot
smoothly and quickly returned to the mainstream.

Figure 11 depicts the movement of the robot in the
test environment. As is known, the robot is able to
correctly discern the correct path, and continue to move
along the corridor. Also, barriers to properly diagnosed,
and then the path is correct. After crossing the barrier,
again in the right direction, the momentum has
continued.

VI. CONCLUSIONS AND FUTURE
WORK

In this paper, we have developed a method,
which is capable of robot navigation in different

environments. First, we examine the environment,
and estimate the path. Then stationary and moving
obstacles and barriers identified, and they leave behind.
Both methods, with the help of sonar vision algorithms,
have been conducted.

These methods are based on omnidirectional
images. Due

to the omnidirectional vision system, ease of
installation and received a full, 360-degree images of
around the robot is in a single frame. This method can
be used in different environments, with no previous

YA

knowledge of the environment. This can be done by any
of the omnidirectional vision system, and without any
calibration and change the picture mode. Also, this
method has low computational cost. By combining this
method and omnidirectional vision system, and due
to the low computational cost, almost robots in all
cases, be able to identify the correct way, and the
route, fixed and moving obstacles easily detected, and
avoid dealing with them.

This would greatly improve, previous forms of this
method,

the uncertainty as it was. Especially in indoor, light
reflected from the surface is detected by a particular
method, and it was

Trajectory plot

2-5 I —

9
L

10

2 ¢ =1

Fig. 11. Plot of a trajectory performed by the robot
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not chosen as a barrier, and to ease the path
continues. It is still uncertain, and this method can not
be trusted 100%.

The disadvantage of this method is that the robot
motion is periodic, the robot does not move smoothly
and continuously. Another drawback of this method is
dependent on the ambient lighting. A major drawback
of this method is dependent on edge detection. In
environments that can not be properly edge detection,
this method will be in trouble. In continuation of
our research, we are looking at ways that can reduce
dependence on edge detection and improve the problem
[7]. Also working on other control methods for this
kind of robot motion, becomes softer [8].
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Abstract— In this paper, we propose a multi-view approach to
detect and track based on graph-cut and Kalman filter
algorithms to solve this problem. the first, object appears in the
scene be detected as foreground in each view using a background
model and background difference. next, For related between
cameras used homographic conctraint. Any pixel inside the
forground object in every view will be related by homographies
inducted by the reference view. reference view Images converted
to binary images by a graph-cut segmentation.This step
separated the position of the intersection points from other parts
inside reference images.This added step significantly reduse false
positives and missed detections due to points noise or when it
cannot be guaranteed that a single reference view image will
consistently by scene objects.To track, We measurement the
average position of the points. The kakman filter provide an
optimal estimate of its position at each time step. The filter
kalman, the first one is the prediction of the next state estimate
using the previous one, The second is the correction of that
estimate using the measurement. Experimental results with
detailed qualitative analysis are demonstrated in challenging
multiview crowded scenes.

Keywords—homography; multi view tracking; kalman filter;
graph-cut

I. NTRODUCTION

Intelligent video surveillance using multi camers has
been one of the most active research areas in computer
vision. The view of a single camera is finite and limited
by scene structures. Multi camera tracking aims to
establish the spatio-temporal correspondence of the same
object across multiple views. multi-camera video
surveillance faces many challenges with the fast growth
of camera networks. As the scales of camera networks
increase, it is expected that the multi-camera
surveillance systems can self-adapt to a variety of scenes
with less human intervention, and Tracking multiple
people accurately in cluttered and crowded scenes.The
goal is to efficiently extract useful information from a
huge amount of videos collected by surveillance cameras
by automatically detecting, tracking and recognizing

amir masoud eftekhari moghadam
Faculty of Computer and Information Technology Engineering, Qazvin
Branch, Islamic Azad University, Qazvin,Iran
eftekhari@gqiau.ac.ir

objects of interest, and understanding and analyzing
their activities. In this paper, we propose a tracking
approach to detect and track multiple people in crowded
and cluttered scenes by fixed multi camera.

Algorithms for target tracking in multi-view camera
networks can be grouped based on the modalities for tracking
and information fusion and can be categorized into two main
classes, namely track-first, fuse-first.

A.  Track-first Approaches

Track-first multi-view tracking can be performed either
independently in each view or collaboratively across views. In
collaborative tracking, estimated tracks in the image view and
in the common view can be used to assist each other and to
improve track estimates in one view. Both independent and
collaborative algorithms first track objects in each camera
view and then project the tracks onto the common view for
fusion. The problem to be solved here is the fusion of the
multiple tracks belonging to the same target.

Track-first approaches involve multiple tracking

steps and hence can be computationally expensive. To
reduce the complexity, fuse-first approaches can be used
that defer the tracking step until when the information
from each view is fused on a common view[1-2-3].

B. Fuse-first approaches

Fuse-first approaches project detection information
from each view to a common view and then apply
tracking. This approach, involve multiple tracking steps
that can introduce sources of estimation error. These
multiple steps can be eliminated by tracking on the
common view only, by accumulating on the common
view the information from each view.
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The features extracted can be the feet location of
people ,the foreground pixels or the whole motion
segmentation likelihood. Note that although fuse first
methods involve one tracking step only, they may
involve multiple detection steps in each camera view,

before fusion and on the common view, after fusion[3-4-
6].

our approach, is based on the fuse-first approach .
object appears in the scene be detected as foreground in
each view using a background model and background
difference. next, For related between cameras used
homographic conctraint. Any pixel inside the forground
object in every view will be related by homographies
inducted by the reference view. In this approach,the
torso of a person is points of intersection in Hmography
plane.

reference view Images converted to binary images
by a graph-cut segmentation.This step separated the
position of the intersection points from other parts inside
reference images. To track, We measurement the
average position of the points. The kakman filter provide
an optimal estimate of its position at each time step. The
filter kalman, the first one is the prediction of the next
state estimate using the previous one, The second is the
correction of that estimate using the measurement.

II. OVERVIEW OF THE PROPOSED METHOD

In this section the ways of detecting the background model,
distinction of foreground from background,which is obtained
using background modeling techniques, Correspondence
between multiple cameras, segmentation of the reference
image using graph cut and object tracking using Kalman filter
are stated.

extraction forground

Object detection can be achieved by building a
representation of the scene called the background model
and then finding deviations from the model for each
incoming frame. Any significant change in an image
region from the background model signifies a moving
object. The pixels constituting the regions undergoing
change are marked for further processing. Usually, a

AR

connected component algorithm is applied to obtain
connected regions corresponding to the objects. This
process is referred to as the background subtraction.

In this paper, we use of average approach for background
model. background pixels are constant over time for each
incoming frame. To work, we obtain frams for a Window of
time and stack them together. The sliding time window size
was kept at 200 frames for each experiment. To each window
of time, for each pixel of the image, the most frequent color
in the time panel is considered to be the backgraound image’s
color in that pixel.

Correspondence Between Multiple Cameras

Correspondence between multiple cameras involves at
the same time instant finding correspondences between
objects in the different image sequences. The existing
for establishing correspondences can be
classified (1,2), according to the types of employed

methods

features, whether the cameras are calibrated or not, and
whether the correspondences are region-based or point-
based.

In this paper, we used of the points located on torso
to match people in multiple views, based on the
homography constraint defined by the reference
plane,that is point-based. This approach of detection and
occlusion resolution is based on geometrical constructs
and requires only the distinction of foreground frome
background,which is obtained inside Previous part. This
has the dual action of localizing people in the scene as
well as resolving localization object. Warping a pixel
from one image to another using the homography
induced by a reference scene plane amounts to
projecting a ray through the pixel onto the piercing point
and then projecting it to the second camera center.

Figure 1 shows a object on a planar surface. The
scene is being viewed by two cameras. H, is the
homography of the planar surface from view 1 to view 2.
Warping a pixel from view 1 with H, amounts to
projecting a ray on to the plane at the piercing point and
extending it to the second camera. Pixels that are image
locations of scene points off the plane have plane
parallax when warped. This can be observed for the red
ray in the figure. Let p = (x, y, 1) denote the image
location of a 3D scene point in one view and let p’ = (x’,
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y’, 1) be its coordinates in another view. Let H, denote
the homography induced by plane 7 between the two
views.[1,5,7,8,9,10]

Fig. 1. the relationship between two corresponding pixels by homography
matrix

Geometrically speaking warping pixel p from the first
image to the second using the homography H, amounts
to projecting a ray from the camera center through pixel
p and extending it till it intersects the plane 7 at the
point often referred to as the 'piercing point' of pixel p
with respect to plane 7 The ray is then projected from
the piercing point onto the second camera. The point in
the image plane of the second camera that the ray
intersects is pw. In effect pw is where the image of the
piercing point is formed in the second camera.

In the present study, at any time the homography is done
equal to the number of available cameras and each time the
reference image is regarded to be the view of one camera.
Every created reference image which is a combination of all
views is a graylevel image. Some points of the image at
hmography plane, where the intersection have been occurred
are highly bright. . figure 2 shows, homographies result
represented to the view of cameral.
View 3

View 2 Viewn

Reference view / view 1

Homography

Fig. 2. the reference image with regard to the perspective of camera 1

A

C. separating junction points using grapg cut

In this study, graph cut segmentation algorithm is used to
separate junction points at homography level in the image.
This segmentation algorithm shows the image as graph
segmentation problem. Nodey ={u,x,...} of the image pixels

and the graph N which is made of all pixels of the image are
classified into N discrete sub-graphs. This is done by pruning
the graph’s weighted wings which have the least weights. The
pruned wings between the two sub-graphs are called the cut.
These sub-graphs are not related to each other at all and there
is no common node among these sub-graphs. In figure 3, the
red wings in graph G might be considered as a cut. eliminating
these wings will result in two subgraphs A and B [3-10-11-12-
13].
cut{A,B)=
G = (V.E)

A /Z( _ )

S
AR

Fig. 3. an instant of graph cut performance [7]

Graph cut is done at any time on the reference images
obtained from the perspective of each camera. As can be seen
in figure 4, in each image the intersection points of the
individuals’ busts which are related to homography level and
has higher brightness intensity than other parts of the image
are presented.

W

'aNe

@

(a)
Fig. 4. a. reference image of camera 1’s view. b. the image obtained from
graph cut on the reference image.

(b)

D.tracking

After applying graph cut on this image, it should get
prepared for tracking with Kalman filter. To do so, the output
binary image is changed into some positions. For this purpose,
the position of the available targets in the system are
considered as P1 = {x,y} on the image. In addition to these
points, the camera’s access points are also considered as P2 =
{x,y} . The access points are some points of the scene whose
target enter the scene. P’ are considered as the aggregation of
points P1 and P2 which indicate the target position in the
image. Each bright point on the image is related to the closest
point in P’. The mean point related to each target is considered
to be a measurement and is applied on the tracking system of
Kalman filter.
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Using these measurements, Kalman filter will better
estimate the object’s position compared to the available
measurement. In this type of filters, tracking equations are
divided into prediction and correction groups. Prediction
equations first help to estimate the object’s position in the next
frame. After that, this position is corrected by using available
measurements. This way, the intended object’s moving
behavior is obtained [14-15-16-17].

In prediction and correction equations shown in figure 5,
each stage’s output is the other one’s input.

prediction

»
L

correction

Fig. 5. Kalman filter’s equations diagram [17]

Any probable position of the target which is reported
through measurement is considered as measurement m, and
the whole available measurements in a frame are considered
as M ,. The object’s real two dimentional coordinate is

shown as (px,py )while the two dimentional coordinate

resulted from measurment in the network is shown as
(mx,my)- X , and Z  are state and measurement vectors,

respectively. Equation (1) is the equation of the target’s
motion which is defined as follows:

PX g = PX g
PYg =PVka
To obtain the targets’ state vector at any time steps, Kalman

filter is updated with new measurements and then, at the
prediction stage, an estimation for x , and y , for the targets’

state are done using the former state of x, and .

E. create and delete a target

At the measurement allocation stage, it is probable that the
number of measurements be larger than the number of targets.
Therefore, some measurements will be left without targets. In
this case, one new target can be created per each
measurement. These targets are marked as unapproved targets.
If in a defined time panel adequate measurements are
allocated to them, the targets will be approved as main targets.

If for any reason, the path algorithm loses an individual,
that might mean that no measurement has been allocated to
that path in some successive frames, and that special target
will be eliminated. This is done as follows: a time panel is
specified for each target. If specific number of measurements
are not allocated to the intended target in this time panel, the
state vector of that target will be eliminated. For example, if in
the last 10 frames 6 measurements are not allocated to the
intended target, the target will be eliminated.

\RJ

III. SIMULATION AND RESULTS

To approve this study’s methodology, the obtained results are
presented on EPFL website [18]. In the presented results,
every individual has been shown as a coloreful rectangle that
shows his/her limit. This website contains several videos of
different scenes. Each scene has been recorded simultaneously
with four cameras at the rate of 24 frames per second. Figure 6
shows the tracking results at frames 580, 690, and 780.

)y

Fig. 6. Results of implementation on EPFL dataset. The results in (a),(b),(c)
images, in each image, from up to down and from left to right relate to views
of camerasl, 2, 3 and 4, respectively.

As can be seen in tablel, to evaluate the accuracy of the
methodology, the obtained results were evaluated using three
accuracy assessment criteria: precision, recall and f-measure.
The first criterion shows the extent that the methodology
recognizes and tracks the moving targets of the scene. The
result is 97/55%. The second criterion shows how many
people have been tracked correctly. The obtained result is
92/3%. The third criterion is a combination of the first and
second ones and shows 94/8%.

TABLE 1. Accuracy evaluation of the presented approach
Recall F-Measure

97.55 % 94.8%

Precision

923 %

Proposed Method

To evaluate the presented algorithm, a comparison was done
between the algorithm results of this study on EPFL dataset
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and the results obtained from Kalman filter and graph cut
algorithms individually (figure 7). The comparison has been
done on cameral’s view.

Fig. 7. results of comparison between tracking methods of this study and
Kalman filter and graph cut algorithms. (a). Kalman filter approach,(b). graph
cut approach,(c). paper approach.

To evaluate the accuracy of tracking with Kalman filter and
graph cut methods, as can be seen in tables 2 and 3, results
obtained from these methods were assessed using three
assessment criteria: precision, recall and f-measure.

Table 2. Evaluation of Kalman filter tracking method individually
Recall F-Measure

88.3 % 89.8%

Precision
91.3 %

Kalman filter

Table 3. Evaluation of graph cut tracking method individually
Recall F-Measure

95.54 % 93.0%

Precision
90.7 %

graph cut

Results of a comparison between tracking people through
Kalman filter and graph cut tracking methods and the
presented method are shown in figure 8.

Y¥

100

I a!man Filter ]
I Graph-Cut
I Our Method

90

80+

70
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40}

30t
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Detection accuracy

0

Precision

Recall

F-Measure

Fig 8. A comparison between accuracy of Kalman filter and graph cut
tracking methods and the presented method

IV. CONCLUSIONS

In this study, a method of tracking people based on graph cut
and kalman filter was presented using several fixed cameras.
People’s junction points at homography level in each camera
appear clearly even though the people have partial or full
overlaps. Using graph cut leads to more accurate junction
points of people. Using Kalman filter to track people and
obtain the movement path may result in the improvement of
the measurements obtained from people’s positions.
Therefore, people are tracked well through this method even
though they have partial or full overlaps.
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Developing Intelligent Full-scale PredictiveModel of an Industrial
Walking Beam Furnace ProcessUsing Neural Networks
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Abstract—Most of the physical process plants are complex,
dynamical, and nonlinear in nature. Modelling of such systems
employing conventional physical principles is a complicated task
involving a lot of time and effort. Recently, artificial neural
networks (ANN) with their self-learning and general function
approximation capabilities have become effective tools to cope
with nonlinear modelling problems in practice. In this paper, we
propose full-scale thermal predictive models for a real walking
beam furnace (WBF) using nonlinear sub-system identification
based on ANN models which naturally follows a multi-layer
perceptron (MLP) networks. Furthermore, comprehensive
extension of the proposed neural predictive model to long-term
thermal prediction of the WBF is also addressed. For training
the MLP networks, weights and biases values are updated by
Levenberg-Marquardt (LM) optimization algorithm.
Identification and evaluation of the presented predictive models
were carried out using the recorded experimental data of Iran
Alloy Steel Company located in the centre of Iran.

Keywords—walking beam furnace (WBF); system
identification; neural predictor model (NNPM);sub-system
identification, nonlinear predictor model.

L. Introduction

Walkingbeamfurnace (WBF) is one of the most crucial
parts of a steel production factory which is a complex process
within serial activities requiring technical support. Owing to
thermalinterconnections different heating sub-systems of
process, the WBF appears as a complex process that
demonstrates  timevarying, dynamic,nonlinear, and
temperature-based coupling characteristics. Thus,
conventional modelling of such a complicated process will
lead to a time-consuming and tedious procedure that may
yieldscomplicated nonlinear dynamic equations which are
hardly to work out. However, extracting anaccurate
predictive model of WBF process seems to be necessary for
the purposes of model-based control and diagnosis trials. For
instance, proper predictor models are needed to develop
energy saving technique or designmodel predictive
controllers or test new fault diagnosis methods which could
be expensive or even impractical to be performed by
experimental equipments.

The walking beam furnace is divided into
independentlycontrollable zones. The first zones of the
furnace work on theheat produced in the next zones, i.e., the
active heating zoneswhere propane or carbon monoxide is

several
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burnt to heat the slabs.The last zones, called soaking zones,
are used to fine tune thetemperatures to the desired goal
temperature set for each slab.It is important to adjust the
parameters of the zones in such away that the slabs are heated
to the pre-defined temperatureas accurately as possible. This
will lead to a higher rollingquality of the slabs and to a higher
quality of the finishedproduct, the steel strip, to obtain this
goal a precision model that has a minimum error and
maximum model accuracy to real systemis necessary to make
the particular and proper controller to set the flow fuel and
regularize the temperature[5].

It is unambiguous that conventional physical principles
cannot effectively cope with the modelling problem of
nonlinear dynamic processes and will come across severe
hardships.In addition to physics principles-based modelling,
there are a variety of data driven methods which offer
different models for nonlinear systems.

Recently, a few attempts have been devoted to utilize data
driven techniques to identify a proper model of WBF.
Adaptive neural network was employed to control the
temperature of the furnace, the feed forward adaptive neural
networks that uses for prediction based onexperimental data
from a walking beam furnace [5]. MIMO identification is
estimated the parameters of a dynamic model for a walking
beam reheating furnace arefollowed in [1]. Dynamic model
of a walking beam reheating furnace based on a multilayer
perceptron neural network, which is trained using PSO
algorithm is proposed in [13]. A kind of recurrent neural
network that called dynamic neural network presented by the
authors in[2], and the behaviour of each neuron of this model
made dynamic by incorporating feedback connections in it.
To the best of author’s knowledge, in none of
aforementioned,no attempt has been made to include the
thermal interconnections of different heating zones of the
WBF in the modelling problem. Hence, the merit of our
proposed full scale predictor model would be that the thermal
interactions between all heating zones of WBF are also taken
into account to develop more accurate models of the process.
In other words, subsystem identification is a modular data
driven modellingmethod whose main idea is to breaka
complex processinto fewer sub-systems. Moreover, the
interconnections of these subsystems which probably exist in
the real industrial process plants are also included in the
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developed total model to bond independently identified sub-
models.

In the modelling procedure, the most challenging part is
to find the best number of dynamics for inputs and outputs of
the model which is going to be developed. Any imperfection
in this part severely influences the other parts of modelling
and leads to badly identification of the process under
investigation. In this paper, a new method is presented to find
the adequate dynamic depths of the non-linear predictive
models. In other words, this method is based on trial and
error procedurein which a simple nonlinear modelof the
process is delineated firstly (e.g., an static MLP network with
one nonlinear neuron in its hidden layer which has been
proven to be general function approximator)and thenexternal
dynamics are added increasinglyuntil the accuracy-criterion
valuesare levelled out or increasing more dynamic number
does not improve the model accuracy.

The rest of paper is organized as follows. In section 2, a
brief overview of the walking beam furnace processis
presented.Section 3 introduces how to prepare a rich data for
identification from row-recorded data anddetermine best
dynamic orders.In the same section,architectures of static and
dynamic neural models proper for prediction purposes are
addressed as well. The experimentalresultsconcerning
prediction obtained by proposed models are included in
sections 5, finally, main concluding remarks are brought up
in section 6.

II. Walking beam furnace in steel production

Iran Alloy Steel Company located at 30 km far from
Yazd, a city in the centre of Iran, was founded in 1999 and is
one of the biggest steel production factories in Middle East
and Iran. The factory consists of several parts such as steel
production units, thermal and supplements operation, heavy
and light rolling and, etc. In this paper subsystem modelling
of walking beam furnace in light rolling is taken into account.
The walking beam furnace is the major part of a steel
production factory and plays a critical role in high quality of
steel products, so as real time technical supports are required
for better performance of it. Walkingbeam furnace is an
industrial plant that serves to heat the inlet slabs coming from
other parts of the factory. In the furnace, all slabs are heated
to reach a predefined discharging temperature (1300C°) and
balancing of temperature distribution in slabs.

The structure of the walking beam reheating furnace
discussed in following sections is shown in Fig. 4Slabs in the
furnace move from tail zone to soaking zone. The furnace
divided in to four combustion zones, which are denoted as
zonel to zone4 respectively. Recuperator zone is not a
control area and has no fuel input. The slabs are heated by
waste gas in this area. The function of preheating and heating
zones is to heat a slab. The aim of soaking zone is to adjust
the temperature gradient so that the inner temperature and
surface temperature of the slabs can reach a balance. The
FFB (Fuel Flexible Burner) burners provide the desired
temperature of the furnace.FFB is a fabricated
burnerdesigned for heavy duty services and forpreheated
combustion air. The turndown is determined by the design air
pressure at rate capacity. There are 8 burners type FFBO9 (four
with pilot four without a pilot) on preheating zone, 12

v

burners type FFB6 on heating zone 1, 8 burners type FFB9
on heating zone 2, 8 burners type FFB9 in soaking zone, All
the burners are mounted on the furnace roof. The four zones
are equipped with their own burners, while the recuperative
zone is not equipped with burner and utilities the existing
temperature in the fume of the combustion, coming from the
front areas.

Zone name Variabl Unit Description
e name
Pre heating Tiz C° Left temperature of preheating zone
Pre heating Trzi [0 Right temperature of preheating zone
Pre heating T, (6 Maximum temperature between
left and right of preheating zone
Pre heating Fg. NM/h Gas flow of preheating zone
Heating 1 Tz c Left temperature of heating zone 1
Heating 1 Trz> (6 Right temperature of heating zone 1
Heating 1 T., (6 Maximum temperature between
left and right of heating zone 1
Heating 1 Fo.r NM?/h Gas flow of heating zone 1
Heating 2 Tiz3 (6 Left temperature of heating zone 2
Heating 2 Trz3 (6 Right temperature of heating zone 2
Heating 2 T.; (6 Maximum temperature between
left and right of heating zone 2
Heating 2 Fo; | NM/h Gas flow of heating zone 2
Soaking T174 c Left temperature of soaking zone
Soaking Trza c Right temperature of soaking zone
Soaking T., (6 Maximum temperature between
left and right of soaking zone
Soaking Fgy | NM/n Gas flow of soaking zone
Recuperative PR bar Furnace Pressure

Table 5 Walking beam furnace variable descriptions

Pressure of the furnace is controlled by a butterfly damper
that fixed in exhaust, there are two hydro motors that set the
damper angle, and a pressure sensor that measure the
pressure of the furnace located in recuperative zone. The
temperature of the furnace controlled with flow control
valves and they set the fuel and air ratio that enter to burners.

For measuring the temperature of these zones, there are 2
sets of thermocouple that installed in right and left of each
zone. The maximum temperature of these sensors will be
referencedof controlling the fuel.Significant process variables
are measured by correspondent sensors atpre-chosen points of
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walking beam furnace and then acquired data are recorded in
monitoring data access system. Technical description and

nomenclature of furnace variables used in Fig. 4are given in
Table 5.
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Fig. 4 Structure of a walking beam reheating furnace

III. Data mining for system identification

The procedure of data driven system modellingcan be
briefed in fourphases [11].

1) Collect uncorrupted and valid Input-Output data

2) Select suitable model structure

3) Estimate the model parameters

4) Model validation

One of the most important assumptions to get valid
information from an input and output is that the changes
happened in the output are affected by the system input and
not disturbance or noise[12].Hence data mining methods are
required in order to extract valid data from the available
data.In the following sections, the procedure of data mining is
suitable for discussion about of valid data extraction.

To identify a model for plant, the collected data for
identification should be reliable in order to illustrate various
dynamics of the system. Owing to safety and limited access
to real WBF, we could not feed various signals with different
frequencies to the system. According to system identification
theory which emphasizes on using powerful signals such as
PRBS to excite all dynamics of the system, but we have to
exploit the available data from normal operating conditions
which leads to a passive identification approach.

The first step for preparing the predictor model is
gathering the WBF subsystems data from different zones.
The zone’s data are recorded in data access system (at the
control room of the company) that is easily accessible. These
experimental real data are sampled for 30days(from 1th to 30
July 2010) with an interval 5 second.Additionally, %60 of
data samples is used as training set and rest of them as
checking data.After discussed with process engineers and
operators of the factory, we made an effort toremove faulty
operational points from available gathered data sets. Besides
owing to uncontrolled effects such as noises and disturbances
acting on the process, one should try to use some pre-
processing methods presented in identification references
[12] such as peak shaving and normalization.

Peak shaving and smoothing intensive changes in data are
very important for pre-processing methods. These
commonplace abrupt changes may occur due to the operation
of sensors or data acquisition cards. They cause some
numerical problems in measuring and recording variables as
well [12]this may happen because the sensor is turned off for

YA

instance, when it needs to substitution or repaired.

Since the inputs and outputs data have different ranges
that cause error in data quantization and the system badly
identified [12].Data normalization must be accomplished as
an important step of data mining. Experiments have proven
that, more promising results will appear using data
normalization.

The normalized of the signalX is given asX,, by:

X, =X X )

X —-X

max min
Where X, X, are minimum and maximum values ofX.
Fig. Sshows the Fgz,T,, before and after normalization
according to Eq. (1).
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Fig. 5FGz,, Tz signal before and after normalization

Iv. Nonlinear system identification based on neuro-

prediction methods
A. Predictive model based on MLP networks

The general configuration of a one-step predictive model
based on MLP neural network suitable for nonlinear dynamic
process modelling is depicted inFig.3. This structure exploits
the bank of time delay line (TDL) filters in which filters are
typically chosen as unit time-delays to add external
dynamism (memory) to nonlinear static (approximator)
model. That is, the TDL filters are used to generate the
delayed inputs and outputs. As seen, the proposed multi-
input single-output (MISO) predictive model has two
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different sets of input channels: previous real process inputs
and the previous real process output which are injected into
the static MLP model and finally the one-step a head
outputwill be predicted.

WBF
Recuperator Zone (Zo) } » PR_ (k)
FG, (k) Pre-Heating Zone (Z1) > T,(k)
FG,(0) |y Heating Zone 1 (Z,) > T, (k)
FG.(b) | Heating Zone 2 (Zs) » T.,(k)
——
’_/
Tvaer ‘ [PR,“(k—l),f"G,.4(k*1),7",-1(k*|),~~,714(k*1)£
A [PR;, (k =2), FG.,(k = 2). T, (k~2), .. T,,(k = 2)]

[ »

[PR,, (k=m.).FG_,(k=m.). T (k=n.),..T..(k=n.)J'
A .

>

oL |
Fig. 6 Configuration of one-step MLP predictive model for a single
zone (Soaking zone)

It is worth stressing that owing to the open connection of
the zones (See Fig.1), the highly interactions may exist
between the temperature behaviour of the different zones.
That is, the variations of the temperatures in some zones,
probably affect on the temperature of the connected and even
non-connected zones and these temperature interactions
should not be ignored in the temperature prediction of this
process plant. Hence, Fig.3 also describes how possible
temperature interactions of the heating zones are included in
the one-step predictive models of the WBF.

B.Static feed forward MLP network

As discussed in previous section, in order to build up a
predictor model, static nonlinear models should be employed.
In our work, static MLP networks are considered; Although
static MLP networks can be exploited to model systems with
static behaviour, and often can be used for modelling the
systems with low grade of dynamism, it is better to used them
in a dynamic form to identify the model of the process with
high grade of dynamism which is also the case in
practice.Generic structure of a static multi layer preceptron
network suitable for static nonlinear modelling is shown
inFig.4. According to the presented scheme, none of past
values of real inputs and outputs of the systems are applied
the network.

Y4

u, (k)

u, (k)

uy (k)

Fig. 7 Topology of a Static feed forward MLP network

As it is proven MLP network with one hidden layer has a
better performance in system identification[6].In the present
work, MLP model has one-hidden-layer topology depicted
inFig. 7.Moreover, it must be noted thatsince the signals
which come from the real process plant (temperature, flow
value) are positive, the activation functions of hidden neurons
are logistic.

Here, a brief overview of the learning algorithm used in
this network is merely given. Neural networks aim to update
their defined parameters with learning algorithms to give
proper outputs for proper inputs and to minimize the error. To
that end, LM algorithm is exploited in the present study.

{Wn+1 =W +AW,
AW =—{(J"W)IW)+u) 13T W)e), @)

Where e is the error function, J is a Jacobean matrix, and
u is a scalar that makes LM closed to either GD or GN. W,
which contains the weights of the network, is defined as
follows:

w

1> w

/'N]

W =W, Wigse e Wigse s Wa s Wy sees Wy s Wi W

3
C.Determination of dynamic numbers

The problem of order determination for non-linear
dynamic systems is the most important part of system
identification which outweighs the other phases, since any
deficiency in this phase leads to extra effort and
computational expense in further phases of identification
procedure. A method based on trial and error is presented in
this paper to cope with determining of dynamic orders; at
first, a simple nonlinear model of the process is built up
based on external dynamic approach presented in section 4.1.
(e.g., one-step predictive MLP network with one nonlinear
neuron in its hidden layer which has been proven to be
general function approximator) and then external dynamic
numbers for inputs and outputs are added into static MLP
model increasingly until the accuracy-criterion values are
levelled out or increasing more dynamic number does not
improve the model accuracy. Note that for the sake of
simplicity, number of dynamics for inputs and output are
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usually considered to be identical.
Accuracy criterion used for determination of number
dynamics is defined as follows:

9
Z(ﬁ(j)—y(j))

0
Z(y(j) —mean(y))

MA=100%*1-

2

“4)
D.Long-term neuro-predictive model

A long-term predictive model should be able to predict
the behaviour of system for long future horizons (i.e., s-steps
ahead). The typical configuration of a multi-step predictive
model based on the sequential MLP models with the horizon
of h is presented inFig.5. In order to obtain the predicted
output values, at each moment, the one-step MLP predictive
model presented in the previous section should be used h
times. As it is clearly seen, the sequential identical MLP
models where the output of any of them (except the last one)

. . D ic Depth DO D1 D2 D3
provides one of the inputs for the next MLP model are used ynamie e
to realised the total multi-step predictive model. MA value %2529 | %84.54 | %8432 | %83.80
[ (/();4,,,v v 0] Step 1 Step 2 Step 3
i ] Dynamic Depth D4 DS D6 D7
[i 6D,y (.o, D] MA value %83.70 | %8309 | %82.94 | %82.49
u (k=2).y, (k=2)....y. Jk=2)] § -
: 1E&8 ) ® Dynamic Depth D8 D9 D10 DIl
[, k=m )y, Gy Jik =, ) || 2
o
7 a .
& S . (k+1) OZ E MA value %82.13 | %81.36 | %82.23 | %81.59
N& 7, (k+2)
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Fig. 9 Small MLP model to dynamic extraction for heating zone
1

14

Fig. 8 Configuration of 3-step ahead predictive model based on
MLP neural network for zone 1 (z;)

V. Simulation and experimental results

In this section, simulation results ofbothstatic and
dynamic neural network approach for modelling ofeach
heating sub-system of the walking beam furnace as well as
modelling of whole integrated furnace plant is presented.

In the case of neural network, selection of neurons

number is the greatest area of concern. Selecting large
number of neurons may lead to over parameterization and
model complexity problems. In our research, number of
neurons in each model network is increased till more neurons
do not have a significant effect on the reduction of the mean
square error (MSE) for the test data. Because of four heating
zones existence, four MLP models are developed for these
four zones with normal operating conditions.
Fig. 9. Shows the obtained percentile model accuracy
(MA)values of the MLP model with respect to different order
numbers for pre-heating zone temperature (Tz1). As it is seen
from the curve, first order MLP model leads to the highest
model accuracy percentage of 84.54%. In other
words,increasingmore order numberto the MLP model
decreases the model accuracy rates. So it was decided that the
model of the considered output being of the first order.
Obtained model accuracy rates by different orders (up to 14)
for Tzl are listed in Fig. 9 Small MLP model to dynamic
extraction for heating zone 1

Table 6 model accuracy variations of MLP model by increasing
dynamic depth

After selecting the best dynamic numbers for inputs and
outputs of the process, it must be stressed that In the case of
NN-based system identification, the crucial factor is the
number of neurons. Large number of neurons caused
complexity in computations and also over parameterization
problem. Thus, a small and reasonable neuron number is
desirable. Neuron numbers are determined using the MSE
curves. A typical MSE curve for the MLP model of the first
heating zone is shown in Fig. 10. The ideal neuron number
was determined by increasing the number of neurons until
more neurons did not have a significant effect on the
reduction of the MSE for the test data. As the neuron number
increased from 1 to 5, MSE values for the training and test
data sets declined. When the number of hidden neurons
increased past 5, there were no marked improvements in the
MSE for the test data. Hence, an MLP network with five
hidden neurons was selected based on the MSE curve.
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Fig. 10Determining the best neuron number by MSE value

With a glance, one could simply conclude that statistical
modelling method has severe problem in modelling of the
furnace, while the dynamic model demonstrates more
accurate behaviour, in the sense that, its response is closer to
the response of the actual sub-system, the model accuracy
value of all model for all sub-system listed in Table 7.

Table 7 Numbers of dynamics used for prediction

Model accuracy(MA)

Zonel | Zone 2 Zone 3 Zone 4

Static model | %56.37 | %56.11 | %31.92 | %26.76

Dynamic model | %96.63 | %96.39 | %96.71 | %96.93
MSE

Static model 0.0080 | 0.0053 0.0212 0.0201

Dynamic model | 4.75¢° | 3.53¢® | 4.94¢” | 3.19¢”

A brief comparison between the responses of the
proposed models with the outputs of the dynamic predictor
shows the effectiveness and feasibility of the developed
models in terms of more convergent and less deviation
between the responses of the models and the real outputs.
This validates the accuracy of the proposed models over the
operating ranges. All of these experimental simulation results
confirm that all of four heating sub-systems are of dynamic
nonlinear systems. Indeed, it can be easily concluded that the
whole heating system so-called WBF has nonlinear and
dynamical behaviour. The SIMULINK prototype model of
first heating zone is shown in Fig. 13. This modular simulator
model is developed for model-based control and diagnosis
purposes in the Yazd Steel Production Factory so that
enhancing of new control and diagnosing methods for the real
system becomes more possible and easier. It is also worthy to
note, till present lack of a simulator model of WBF was a
great area of concern in this factory.
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Real and Statical Model of Soaking Zone

Fig. 11 Result of static predictor model with real output by checking data
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VL Conclusion furtherresearch contribution.
In this paper, dynamic neural network modelling was VII.  Acknowledgements

carried out for a walking beam furnace in a steel production
process, including four heating sub-systems. Finally all these
models are integrated as a total modular predictor model.
According the experimental results, all dynamic MLP sub-
models demonstrate high accuracy in the sense that they can
effectively to create a faithful replica of their correspondent
sub-systems. Besides, comparative study between static MLP
modelling result and dynamic MLP proved that all of the
heating subsystems exhibit nonlinearity within their dynamic
behaviour. Employing this modular predictor model in model
based fault detection and isolation application as well as
model based control looks to be a worthwhile direction for
future researches. More over developing a predictor model of
the walking beam furnace could be also another
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Abstract—So far various methods for optimization presented
and one of most popular of them are optimization algorithms
based on swarm intelligence and also one of most successful of
them is Particle Swarm Optimization (PSO). Prior some efforts
by applying fuzzy logic for improving defects of PSO such as
trapping in local optimums and early convergence has been done.
Moreover to overcome the problem of inefficiency of PSO
algorithm in high-dimensional search space, some algorithms
such as Cooperative PSO offered. Accordingly, in the present
article, we intend, in order to develop and improve PSO
algorithm take advantage of some optimization methods such as
Cooperatives PSO, Comprehensive Learning PSO and fuzzy
logic, while enjoying the benefits of some functions and
procedures such aslocal search function and Coloning
procedure,propose the Enhanced Comprehensive Learning
Cooperative Particle Swarm Optimization with Fuzzy Inertia
Weight (ECLCFPSO-IW)algorithm. By proposing this algorithm
we try to improve mentioned deficiencies of PSO and get better

performance in high dimensions.

Keywords—Particle Swarm Optimization, Cooperative PSO,
Comprehensive Learning, Inertia Weight, Fuzzy Controller

INTRODUCTION

The most common optimization methods are evolutionary
algorithms that usually applied for solving difficult problems
have not definite quick solution. So far many evolutionary
algorithms are suggested for optimizing different problems that
PSO is one of the most popular and the most efficient of them.
Considering increasingly PSO's applications since its
innovation until now, various versions and editions of it have
been presented that besides enjoy its benefits try to improve its
defect and weaknesses. In less than two decades, hundreds of
articles have been published as a report on the application of
PSO[1].

Moreover various problems with high complexity and high
dimension environment existand every day growing of these
type problemscontinuing.Furthermoreone of most important
involvement of this kind of problems is overcoming their
complexity and making more efficient existing algorithms in
countering with them.Hence solutions for overcoming curse of
dimension problem have presented that one of most famous is
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cooperative algorithms. On the other hand objects related to the
cooperative algorithm cause of possibility of utilizing benefits
of parallel processing and parallel algorithms are paid attention.
Consequently enhancement and increasing efficiency of this
kind of algorithms like cooperative PSO could be helpful in
solving some problems especially high dimension and complex
problems.

By knowing the fact of setting up PSO's parameters have
very significant impact on its efficiency, many efforts for setup
parameters ideally, have been done. So in some articles such as
[2], [3] and [4], researchers suggest linear decreasing of inertia
weight from 0.9 to 0.4 while progressing of algorithm. In 2001,
Shi and Eberhart, introduce adaptive Fuzzy PSO method[5].
Also for enhancement of PSO's performance in some articles
e.g. [6],fuzzy logic is applied.

PSO's successes are wonderful. Less than two decades,
hundreds of articles about applications of PSO have been
published. PSO in many contexts such as finding optimums of
functions, neural networks learning, Fuzzy systems control,
clustering and classifications, biomedical, combinational
optimization, control, design, distributed networks, electronics
and electromagnetics, engines and motors, entertainment,
faults, financial, graphics and visualization, image and video,
antenna, modeling, prediction and forecasting, robotics,
scheduling, security and military, sensor networks, signal
processing, conclusions, power systems and plants and
otherproblems witch Genetic Algorithm is successful, have
good performance[1].

By knowing the fact of setting up PSO's parameters have
very significant impact on its efficiency, many efforts for setup
parameters ideally, have been done. So in some articles such as
[2], [3] and [4], researchers suggest linear decreasing of inertia
weight from 0.9 to 0.4 while progressing of algorithm. In 2001,
Shi and Eberhart[5], introduce adaptive Fuzzy PSO method.
Also for enhancement of PSO's performance in some articles
e.g.[6],fuzzy logic is applied. One of main defects of
optimization algorithms such as PSO is trapping in local
minimums and this problem becomes more serious by
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increasing dimension of search space [7]. For countering this
problem, so far revised models of PSO like cooperative PSO
(CPSO) propose [8].

The paper is presented as follows: In the section II till VI
component of proposed algorithm consist of PSO with fuzzy
inertia weight, CPSO, Comprehensive Learning PSO (CLPSO)
and applied methods for improving suggested algorithm
described. In seventh section proposed algorithm presented and
at the eighth section its evaluation has been done and the ninth
section containsconclusion.

Fuzzy PARTICLE SWARM OPTIMIZATION

As we know in the original version of PSO, each particle
faces with two mandatory moves, ones, attraction the best
position so far particle achieved, and other attraction to the best
position of particles group achieved. PSO include group of
particles moving in multi dimension search space with real
values of feasible solution problems. PSO can be easily
implemented and have a low cost calculation. In another hand
PSO in solving of many problems is efficient and in some
cases, not involves with troubles of other evolutionary
calculation techniques. Difficulty of PSO adjustment for
achieving desired efficiency is one of its disadvantages and if
we don't choose suitable parameters, it will be converged to
local optimum. As this algorithm gradually converged to best
solution found until now, and if this solution was local
optimum, all particles will absorb into it and the standard PSO
not prepare the solution to exit this local optimum. This is
largest trouble of standard PSO that be inefficient for solving
multimodal problems especially with large search space.
Another standard PSO's trouble is early convergence in some
problems. As mentioned, standard PSO algorithm trapped in
local optimums and this problem becomes more serious in high
dimension. For solving basic PSO, many solution such as
combinational algorithms, have suggested. One sample of
combine algorithm is FPSO (Fuzzy PSO) which is combining
of Fuzzy logic and PSO. As shown in Fig.lone step before
updating PSO, Fuzzy system determines parameters values for
take apart with new defined values in updating. In this paper
we use kind of FPSO, with a Fuzzy logic controller with an
input and an output to PSO. The input parameter of fuzzy
system controller is number of algorithm iteration and itsoutput
is inertia weight parameter. In this fuzzy system which its
output is inertia weight, main idea of applied method is based
on making balance between exploitation search and exploration
search [9]. Sample of general fuzzy rules is as in (1).

[Rules]
If Itr =L then oo = H

If ir=Mthenm=M

It Itr = H then ® = L.

)

Y7

Start
L 2
Random Initialization of
Particle’s Positions and Velacities
Evaluate Fitness
If Fitness = Py then Py, =P
I Set hest of Py, as gy,
Fuzzy hased parameter controller
[ ]
Update velocity and position
)
Stop

COOPERATIVE Fuzzy PARTICLE SWARM OPTIMIZATION

Figure 2. Fig. 7. Fuzzy Particle Swarm Optimization Diagram

For overcome defects of PSO in high dimension search
space, some algorithms such as Cooperative PSO (CPSO)
presented. CPSO for counter problem of "Curse of Dimension"
is used. In this algorithm swarm with high dimension is divided
to swarms with smaller dimension and these swarms
interchange information with each other for evaluation total
value. In many cases this swarm with high dimension is
divided to swarms with single dimension. Thus in cooperative
method for solving a problem with D dimension instead of
using swarm with S particle, we use D swarms with one
dimension, each of them made of S particle.
Globalfitnessfunction value is obtained from interpolation of
all unique swarms Gbests and then combined fitness function is
calculated. Important point is that only selecting best Gbest of
each independent swarm for structuring combined vector of
Gbests may be couldn't prepare best optimizing answer. Hence
for cooperative PSO, evaluation of fitness has been done by
introducing "Context Vector".We use abbreviation of CV for it.
This vector implies cooperating between independent swarms.
For solving a problem with D dimension, CV dimension also is
D. Here, when for instance swarm of j is active, CV is
configured by Gbest of D-1 swarms (which are considered as
constant during evaluation of j's swarm) and the jth row of CV
fill sequentially by each of jth swarm particles. Therefore CV is
used for calculating combined fitness. So the answer of Pbest
of ith particle and answer of jth swarm Gbest (shown by
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;f,‘_f:':and xf¥, defined by considering of CV's concept
and not depend only performance of jth swarm. [8], [10].

COMPREHENSIVE LEARNING PSO

PSO Algorithm base on comprehensive learning is usually
due to good performance on problems with complex
multi-dimensional search space is known. Here, stagnation
trouble that occurs because of early convergencecould be
controlled by this way that permits each particle define itself
velocity (therefore itself position) according PBest of other
particles. Consequently, this method helps to maintaining
population diversity and subsequently solving early
convergence trouble. Selecting particles that we consider for
applying its PBest for updating velocity of given particle in the
population on the following way:

Step 1: Produce a number in range [0,1], if this number is
greater than P, (that is defined as selection possibility) then
particle uses itself PBest. Otherwise, particle uses another
particle PBest (that will be selected by tournament selection
method as is described in step 2 till 4) for updating itself
velocity and position.

Step 2: leave the current particle, and select two particles
randomly in population.

Step 3: Compare PBest value of these particles and select
particles with higher quality.

Step 4: Particle its quality is better detected and selected for
applyingin current particle's velocity and position update. Thus
velocity updating equation base on comprehensive learning is
as (2):

vilt+ 10 = wwilth+ egry (5755 6] - =[]} +

carafxf==[t] - xf[t]) @
thatf is PBest of particles which current particle should
follows[11].

COLONING PROCEDURE

When searching procedure not progresses for consequent
iterations (or have negligible changes in improving value of
fitness function)colonong procedure is activated. The act of
procedure is as following: At the end of each generation
progress status is checking. If the result has not any
improvement rather than previous generation, this unsatisfied
condition is counting by incremental counter. If this number
counter received defined number i.e. for multiple sequent
generation no improvement in global optimum gained, then by
using elitism method some or percent of worst particles
replaced with best particles. This procedure is efficient to
prevent from slowing and stagnation of the search process. By
using of this procedure, we impart exploitation search method
advantage for achieve our aim, in addition we should be care
by using correct and suitable percent or number of replaced

v

particles and also appropriate value for counter prevent to
infect the abuse of incorrect usage of exploitation search i.e.
destroying population diversity and early convergence.

LoCAL SEARCH FUNCTION

Considering Coloning procedure (with elitism approach)
we aimed change in stagnation status, in this section by using
local search with exploration search approach and usage of
mutation operator and balancing between exploitation and
exploration and maintenance of population diversity, we try to
find better answers. This function acting as following: when
the condition of modifying the found global optimum so far
prepared, by calling this function run exploration search around
optimum point. If the modification condition met, some
mutated versions of CV (best agent of each population)
produce by defined mutation operator as (3):

New_Position; = Current_Position + rand(3)

In this equation New_Position; is ith new produced position
by mutation operator,Current Position is the current CV
position and rand is a vector that its arguments are produced
randomly with normal distribution. Best produced position will
be replaced with current CV position by elitism approach. Also
this operator has a significant effect on prevent slowing and
stagnation of search process.

PROPOSED ALGORITH ECLCFPSO-IW

In this article we would like to introduce the new combinational
algorithm that besides of improving shortcomings of its base
algorithm PSO, i.e. not trapping in local optimum and prevent early
convergence even in high dimension problems, in comparison of
other popular algorithms has a better performance about accuracy and
either speed.After variables definition, initializing first generation of
population and dividing population to sub-populations equal number
of dimensions, at each iteration in the suggested algorithm that its
pseudo code in Fig.2 is presented, fuzzy inference system initializes
inertia coefficient and then algorithm enters comprehensive learning
simulation section.In this section updating particles velocities and
positions by comprehensive learning method occurs. Then according
produced values of particle'sPBest,the Context Vector that applied in
cooperativemethod update and evaluate and in continue PBest and
GBest of particles dimension revised. Finally after running all
iterations of algorithm, best gained GBest returned as algorithm
output. Thus using fuzzy inertia weight coefficient at each sub-
population in updating velocity of particles is for utilizing its
benefits. It is necessary to tell calling of Coloning procedure happens
after no improving or negligible changes at global optimum value in
determined consecutive iterations. For more improving this
optimization strategy, at the stagnation status (when for some
consecutive iteration there is no improving in CV value) local search
function also activated that search around the CV for searching better
answers. At Fig. 2 pseudo code of proposed algorithm is presented.

EVALUATION OF PROPOSED ALGORITH

In most cases, the analytical methods for solving
optimization problems are not applicable; so
manyapproximate methods forsolving these problems
have been proposed to approximatethe optimums. Many
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of these methods have problems such as convergence to
a local optimum and the slow speed convergence. Some
methods due to their complexity and large space state
are very suitable problems for benchmarking the ability
of optimization algorithms.

Based on the characteristics of these functions, they
will be divided into several groups. One classification is
based on the optimums number of functions. Functions
that have only one optimum in the space of problem are
called "Unimodal Function" and functions with more
than one optimum are called "Multimodal Functions".

Algorithm: Pseudocode for ECLCFPSO-IW

Environment Variable Definition
Global & Local Variables Definition
Search Domain Variable Definition Base on Benchmark Function
For Each Particle
Initialize Particle
End For
For Each Iteration
Ewvaluate W Coefficient for Current Iteration by Fuzzy Inference System (FIS)
For Each Dimension /Separaie Swarms to Number of Di; ion for Using Coop
If Coloning Condition=True
Coloning Procedure
End X YEnd]f Coloning Condition=True
For Each Particle
/¥ Comprehensive Learning Section
Generate Seed Randomly Between 0 and 1
If Seed <= Threshold
Selecting Two Particles (P1,P2) from Swarm Randomly
Selecting Better Particle Between (P1,P2) as PS by Tournament Selection Method
Update Velocity of Each Dimension of Particles by Using PS PBest Instead of Particle PBest
Update Position of Each Dimension of Particles by Using PS PEest Instead of Particle PBest
Else
Update Velocity of Each Dimension of Particles
Update Pesition of Ezch Dimension of Particles

End If // End of If Seed <= Threshold

Examme&Evaluate Context Vector (CV)Of Cooperative Method

Update Personal Best (PBest) of Each Dimension of Particles

Updsate Global Best (GBest) of Ezch Dimension of Particles By Local Search Arovmd GBest

fve Method

End For //End of For Each Particle
Update Context Vactor (CV) of Cooperative Method
End For [ Endaf for Each Dimension
End For //End of for Each lteration
Display Results
Return GBest

ig .8. Pseudo Code of Proposed Algorithm (ECLCFPSO-IW)

Multimodal functions are used for measurement escape ability
from local optimums. In cases exploration process of algorithm
perform weak search and couldn't search entire problem space, will
be trapped in thelocal optimums. From most famous of these
functions are Sphere, Rosenbrock, Ackley, Griewank and
Rastriginwhitch all of them have global optimum with zero value.

Sphere and Rosenbrock are sample of Unimodal
functions and Ackley, Griewank and Rastrgin are in
group of Multimodal functions. For evaluating proposed
algorithm we could check their performance on
benchmark functions and then compare it with other
evolutionary algorithm about accuracy and speed of
founding optimums in fair condition. At Table I. number
ofparticles and number of iteration at each running for
eachdimension is presented. In addition for decreasing
effect of accidental values on represented results, we run

YA

the algorithm 20 times independently and then extract
the results. In Fig. 2 till Fig. 7 the result of comparing
performance of proposed algorithm with three other
evolutionary algorithms, in terms of fair comparison is
shown. The results say the proposed algorithm is
successful in founding global optimum at viewpoint of
answer quality andeither speed of convergence rather
than three known evolutionary algorithms for their high
performance and widespread application include PSO,
GA (Genetic Algorithm) and ICA (Imperial Competition
Algorithm). It is remarkable all three used optimization
algorithms for evaluations are improved and evolved
version of them. At table II. and III. applied value of
these algorithms in evaluations are shown.

Further at tables IV till VII the result of running
proposed algorithm on five benchmark functions in 20
times independent running of algorithms on particles
with 10, 20, 30 and 90 dimensions presented.
Performance of proposed algorithm in these tables with
their base algorithm i. e. PSO and CPSO in five
categories and the yield results are shown in scientific
notations.

TABLE 1. PARTICLE DIMENSION AND POPULATION APPLIED FOR
EVALUATION OF PROPOSED ALGORITHM
Number of Running
Proposed Algorithm
Simulation on
Benchmark
Functions

Iteration
Number
at Each

Running

Dimension
Type

Particles
Population

Particle
Dimension

Low
Dimension

High
Dimension

TABLE II.

VALUE OF GENETIC ALGORITHM APPLIED IN
COMPARITIONS

Parameter H Value
Crossover % 0.8
Mutation % 0.1
Mutation Rate % 1

Selection Procedure Roulette Wheel

Iteration 1000
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Fig .13. Comparition of Gbest average values with three evoloutionary algorithm on

TABLE III. Rastrigin benchmark function at 10, 30, 70 and 90 dimensions

VALUE OF ICA ALGORITHM APPLIED IN COMPARITIONS

Parameter Value

Number of Empires/Imperialists 10
Assimilation Coefficient (B) 2
Revolution Probability 0.1
Best 1.06E-04  1.44E-74  2.50E-268
Revolution Rate 0.05
Average 1.80E-03  6.53E-74  7.05E-254
Selection Pressure (a) 1
Standard Deviation 1.54E-03  3.77E-74  0.00E+00
Colonies Mean Cost Coefficient (&) 0.1
. First Iteration Yield Global Doesn't Doesn't Doesn't
lligrmiiton 1000 Optimum(zero) in all . .
. Exist Exist .
Running Exist
| Benchmark Function is Sphere | Number of Running Yield
Dimension is D=30 Dimension is D=70 Dimension is D=30 Dimension is D=10 Global Op timum 0 0 0
Best 3.05E+01 2.93E-05 5.42E-01
- — - - - A 9.34E+01  8.82E-01  9.13E-01
Fig .9. Comparition of Gbest average values with three evoloutionary algorithm on verage
Sphere benchmark function at 10, 30, 70 and 90 dimensions o
Standard Deviation 3.40E+01 9.34E-01 1.68E-01
| Benchmark Function is Rosenbrock |
Dimension is D=30 Dimension is D=70 Dimension is D=30 Dimension is D=10 First Iteration Yield Global 0 0 Doesn't
. . Doesn't Doesn't
Optimum(zero) in all . .
i Exist Exist .
Running Exist
240 ICA 171E02 ICA JE0 ICA
2N GA 3UED GA TT0E0 GA
PS0 P50 PS0 GA Number of Running Yield 0 0 0
Global Optimum
Fig .10. Comparition of Gbest average values with three evoloutionary algorithm on
Rosenbrock benchmark function at 10, 30, 70 and 90 dimensions Best 2.59E+00 2.22E-14 1.51E-14
| Benchmark Funcion is Ackley | Average 4.14E+00 4.10E-14  6.21E-02
Dimension is D=30 Dimension is D=70 Dimension is D=30 Dimension is D=10
ECLCFRSO Standard Deviation 8.53E-01  1.58E-14  2.71E-01
119E0
GHEN First Iteration Yield Global . . Doesn't
. . Doesn't Doesn't
Optimum(zero) in all . .
. Exist Exist .
Running Exist
Fig .11. Comparition of Gbest average values with three evoloutionary algorithm on
Ackley benchmark function at 10, 30, 70 and 90 dimensions T
. 0 0 0
Global Optimum
| Benchmark Function is Griewank |
Dimension is D=30 Dimension is D=T0 Dimension is D=30 Dimension is D=10
Best 1.14E-01  0.00E+00  0.00E+00
ECLCFPSOW
BRED_ [ECLCFPSOIW ECLCFPSO.W| [ SER GA 190ED ICA
251N Gk ] SGEQ JECLCFPSOM | S0 G Average 3.17E-01  2.06E-02  5.95E-02
PS0 PO | pso | PS0
Standard Deviation 1.20E-01  3.00E-02  2.13E-01
Fig .12. Comparition of Gbest average values with three evoloutionary algorithm on
Griewank benchmark function at 10, 30, 70 and 90 dimensions First Iteration Yield Global Doesn't
. . Doesn't Doesn't
Optimum(zero) in all . .
e . Exist Exist .
| Benchmark Function is Rastrigin | Runnmg Exist
Dimension is D=30 Dimension is D=70 Dimension is D=30 Dimension is D=10
ECLCFPSO Number of Running Yield 0 3 12
Global Optimum
IcA
Best 2.61E+01 0.00E+00 0.00E+00
Average 3.78E+01  0.00E+00  0.00E+00
Standard Deviation 9.18E+00  0.00E+00 0.00E+00
First Iteration Yield Global Doesn't
Optimum(zero) in all Exist 377 272
Running
Number of Running Yield
Global Optimum g A A
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Best 7.32E-25  1.46E-71 4.84E-259
Average 440E-11  2.60E-70 4.00E-16
Standard Deviation 1.92E-10  4.25E-70 1.74E-15
First Iteration Yield Doesn't
Global Doesn't Doesn't

optlm.um (zero) in all Exist Exist Exist
Running

Number of Running

Yield Global 0 0 0
Optimum

Best 1.23E-01  4.51E-06 3.05E-03
Average 7.23E+00 1.23E+00  5.56E-03
Standard Deviation 1.39E+01  2.36E+00 8.49E-04
First Iteration Yield Doesn't
Global Doesn't Doesn't

Optmfum(zero) inall  Exist Exist Exist
Running

Number of Running

Yield Global 0 0 0
Optimum

Best 1.32E-12  4.44E-15 4.44E-15
Average 7.23E-01 1.47E-14 7.64E-15
Standard Deviation 8.67E-01  6.82E-15 2.22E-15
First Iteration Yield Doesn't
Global Doesn't Doesn't

Opttmum (zero) in all  Exist Exist Exist
Running

Number of Running

Yield Global 0 0 0
Optimum

Best 2.46E-02  0.00E+00  0.00E+00
Average 1.78E-01  8.27E-02 3.03E-02
Standard Deviation 1.38E-01 1.11E-01 4.59E-02
First Iteration Yield Doesn't
Global Doesn't Doesn't

Optmfum(zero) inall  Exist Exist Exist
Running

Number of Running

Yield Global 0 5 12
Optimum

Best 3.98E+00 0.00E+00  0.00E+00
Average 9.20E+00  0.00E+00  0.00E+00
Standard Deviation 4.38E+00  0.00E+00 0.00E+00
First Iteration Yield

Global Doesn't

Optimum(zero) in all ~ Exist ik g
Running

Number of Running

Yield Global 0 20 20

Optimum

il 12, 2015

Best 1.70E+02  6.44E-72 1.21E-261
Average 2.44E+02  1.44E-71 1.44E-253
Standard Deviation 4.52E+01  6.36E-72 0.00E+00
First Iteration Yield . . Doesn't
. . Doesn't Doesn't
Global optimum(zero) in Exist ' Exist
all Running Exist
Number of Running Yield 0 0 0
Global Optimum
Best 9.76E+02  1.70E-06 5.83E+01
Average 1.62E+03  6.06E-01 5.97E+01
Standard Deviation 431E+02  1.39E+00 6.29E-01
|
First Iteration Yield . . Doesn't
. . Doesn't Doesn't
Global Optimum(zero) in Exi .
; Xist Exist .
all Running Exist
Number of Running Yield 0 ‘ 0 0
Global Optimum ‘ |
Best 2.91E+00 6.84E-14 5.06E-14
Average 3.43E+00 9.49E-14  6.80E-14
Standard Deviation 3.17E-01  1.65E-14 1.34E-14
First Iteration Yield } . . Doesn't
. . Doesn't Doesn't
Global Optimum(zero) in | . .
; Exist Exist .
all Running | Exist
Number of Running Yield 0 0 0
Global Optimum
Best 291E+00 4.44E-16 4.44E-16
Average 3.43E+00 2.82E-02 6.62E-02
Standard Deviation 3.17E-01  4.63E-02 2.66E-01
First Iteration Yield . . Doesn't
. . Doesn't Doesn't
Global Optimum(zero) in Exi .
; Xist Exist .
all Running Exist
Number of Running Yield 0 0 0
Global Optimum
Best 1.22E+02  0.00E+00 0.00E+00
Average 1.78E+02  0.00E+00 0.00E+00
Standard Deviation 2.72E+01  0.00E+00 0.00E+00
First Iteration Yield Docsn't
Global Optimum(zero)in Exi 379 262
h Xist
all Running
Number of Running Yield
Global Optimum g A 2
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Best 7.49E+01  5.59E-71 3.94E+01
Average 2.34E+02 3.78E-70 4.04E+01
Standard Deviation 5.92E+01  2.15E-70 5.89E-01
First Iteration Yield . . Doesn't
. . Doesn't Doesn't
Global optimum(zero) in . .
. Exist Exist .
all Running Exist
Number of Running Yield 0 0 0
Global Optimum
Best 6.39E+02  5.58E-10 3.94E+01
Average 1.11E+03  8.74E-01 4.04E+01
Standard Deviation 2.85E+02  1.51E+00 5.89E-01
First Iteration Yield . . Doesn't
. . Doesn't Doesn't
Global Optimum(zero) in Exi .
; xist Exist .
all Running Exist
Number of Running Yield 0 0 0
Global Optimum
Best 2.81E+00 5.77E-14 4.35E-14
Average 3.54E+00 7.37E-14 5.47E-14
Standard Deviation 5.07E-01  1.36E-14 8.87E-15
First Iteration Yield . . Doesn't
. . Doesn't Doesn't
Global Optimum(zero) in . .
; Exist Exist .
all Running Exist
Number of Running Yield 0 0 0
Global Optimum
Best 1.86E+00  3.33E-16 6.89E-259
Average 2.80E+00  4.35E-02 4.42E-251
Standard Deviation 5.39E-01 1.04E-01 0.00E+00
First Iteration Yield . . Doesn't
. . Doesn't Doesn't
Global Optimum(zero) in Exi .
; xist Exist .
all Running Exist
Number of Running Yield 0 0 0
Global Optimum
Best 9.70E+01  0.00E+00 0.00E+00
Average 1.50E+02  0.00E+00 0.00E+00
Standard Deviation 2.89E+01  0.00E+00 0.00E+00
First Iteration Yield Doesn't
Global Optimum(zero)in Exi 391 278
; X1st
all Running
Number of Running Yield
Global Optimum L A A

o)

even if proposed algorithm in many cases rather than
other compared algorithm could get better answers, but
this gained improvement rather thanresulted
improvement of running proposed algorithm on Sphere
and Rastrigin is lower. Ackley function is Multimodal
functions with one global minimum optimum in very
narrow valley and several local minimum optimums and
considering its local minimums are not very deep then
getting away from them could be done easily.

TABLE VIL COMPARITION RESULTS OF PROPOSED ALGORITHM
RUNNING 20 TIMES ON FIVE BENCHMARK FUNCTION WITH 90 DIMENSION
PARTICLES

CONCLUSION

The Proposed algorithm ECLCFPSO-IW s
combination of algorithms consisting of Fuzzy Particle
Swarm Optimization (FPSO), Cooperative Particle
Swarm Optimization (CPSO), Comprehensive Learning
PSO (CLPSO), local search function and Coloning
procedure. Therefor in this paper we explain
components of proposed algorithm in sections and then
describe the method of combination of themfor forming
it. In the structure of proposed algorithm, we add
concept of coefficient fuzzy inertia weight that used
fuzzy inference system (FIS) for set up the inertia
weight parameter adaptively which presented as FPSO
with CLPSO for updating velocities and positions of
particles to CPSO. By this method we interest
advantages of FPSO such as not trapping in local
optimums and escaping early convergence and either
benefits of CPSO consist of overcoming problems with
high dimension and possibility of applying parallel
processing gains also advantages of CLPSO
containcountering complex multi dimension problems
and resistance of stagnation trouble,together.

Considering yielded result, we could inference
performance of proposed algorithm in low and high
dimensions are suitable and in most times has priority to
other compared algorithm. This algorithm besides
improving defects of its base algorithm i. e. PSO, rather
than compared popular evolutionary algorithm have
good performance in accuracy and searching speed of
optimums and we could apply it in common usage fields
of evolutionary algorithms especially for complex
environment and high dimension.
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Polynomial Based Optimal Trajectory Planning and
Obstacle Avoidance for an Omni-Directional Robot

Fatemeh Tohfeh
Faculty of Computer and Information Technology Engineering, Qazvin
Branch, Islamic Azad University, Qazvin,Iran
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Abstract— An obstacle avoidance trajectory planning for an
omni-directional robot is investigated in this paper where
obstacles moves with velocity and acceleration constraints. The
key issue is an optimized solution for the problem with respect to
a cost function which is related to the states and energy
consumption. Moreover, the trajectory functions are considered
as polynomial functions to obtain desired trajectory.
Consequently, this converts the optimal control problem into a
small size parameter optimization problem. The low
computational cost make this method ideal for trajectory
planning in Dynamic environments. The proposed method is
simulated and results show its effectiveness in avoidance of
collisions with moving obstacles.

Keywords— obstacle avoidance; omni-directional
trajectory planning; velocity and acceleration constraints;

robot;

INTRODUCTION

The omni-directional robot is categorized in wheeled
mobile robots which can move in any direction because of the
structure of its wheels. This robot has different application in a
widely range from human production to life practice. It has
attracted the attention of researchers in various areas such as
modelling, control, trajectory tracking and planning, obstacle
avoidance, and so on.

Description of wheeled omni-directional robot operation
and its modelling has been investigated in [1]. Also, four and
six wheeled robot were presented in [2] and [3]. Admittedly,
the models of these robots are divided into two groups,
kinematic and dynamic models. Slipping is a phenomenon
which happens in wheeled robots under special circumstances
and was modelled in [4]. The wheels of the robot have
coupling and it has been modelled dynamically in [5] and [6].

Based on the model of omni-directional robots different
control techniques, linear and non-linear, are used.
Backstepping, adaptive sliding mode, and feedback control
have been proposed in [7], [8], and [9], respectively.

Numerous researches are related to trajectory generation,
planning, and tracking. [5] and [2] are based on the trajectory
generation and [10] has provided an online time trajectory
planning for the optional initial and target states. A new
technique has been applied in [11] in order to tracking control
of mobile robots. A minimum-time trajectory planning
problem based on combined dynamic model of a mobile robot

oy

Ahmad Fakharian
Faculty of Electrical, Biomedical, and Mechatronic Engineering
Qazvin Branch, Islamic Azad University
Qazvin, Iran
ahmad.fakharian@gqiau.ac.ir

and dc motor actuators were solved in [12]. Author of [13] has
been worked on an intelligent method for motion planning.

In practice, when robots are moving from a known point to
another known point, there are some obstacles in the path. The
robots should arrive to the end point and do their defined
objects without collisions with obstacles. Hence, another topic
has been come up in many papers entitled obstacle avoidance
which are divided to two main categories, static and dynamic
obstacle avoidance [6]. Obstacle avoidance for manipulators
have been considered in [14] and [15].

In some applications, because of special problems like
battery power consumption, we need to limit robot operation
to some condition such as constraints on robot velocity and
acceleration. Velocity planning with constraints has been
presented in [16].

In this study, optimization problem solution is stated in
order to optimize the states and energy consumption based on
defined cost function for a four wheeled omni-directional
robot. All conditions for solution’s existence subject to all the
dynamic constraints of velocity and acceleration are
considered. The robot must reach from known point A to
another known point B in fixed time# —#;, while avoiding

collisions with moving obstacles. We assume that the velocity
and acceleration capacity of all obstacles are similar to the
omni-directional robot. Initial and final speed of robot must be
zero and the defined cost function should be minimized and
velocity and acceleration constraints should be satisfied. To
obtain this solution, we use the polynomial based method [18]
and [19]. Indeed, the state variables are approximated by
polynomial functions of time with unknown coefficients. The
method converts main problem to an easier problem which can
be solved by reduction of computational cost.

The rest of the paper is organized as follow. Model of the
omni-directional robot is presented in section II. In section III,
formulation of the problem is stated completely. Section IV is
related to proposition a polynomial method for reaching
optimal trajectory and signal control. Obstacle avoidance
procedure is examined by simulations. Numerical results and
simulations response are shown in section V. Finally,
conclusion of this study is explained in section VI.
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FOUR-WHEELED OMNI-DIRECTIONAL ROBOT MODEL

This section presents a brief description of dynamic model.
The vehicle dynamics are simplified and the rotational and
translational degrees of freedom are decoupled in [2] as
follows:

X(t) =g, (1) (D
y() =q,(t) )
Where ¢,(t) and g, (t) are the control signals in x and y

axis.

Now, state space form for linear model can be written by
choosing state variables as follows:

X (1) = AX(t)+ Bu(?), 3)
Where
x (1)
X, (1) uy (1)

X = , Ut = , 4
sl 7O [uz(t)} @
x4(t)

0010 0 0
00 0 1 0 0
A= , B= , (5)
0000 1 0
0000 0 1

Which x(t) and x,(t) are positions of robot in x and
yaxis, also x3(t) and x4(t) are velocities of robot in x and
y axis respectively. u(t) and u, (t) are the control signals in
x and y axis too.

PROBLEM FORMULATION

Optimal control deals with the problem of finding a control
law for a given nonlinear and time-varying system [17]

X(0)=a(X (0),u(t), 1), (6)

Nonlinear, time-invariant systems are represented by state
equations of the form

X(6)=a(X (0),u(t)), ()

State equations for linear, time-invariant systems have the
form

X(¢) = AX(t)+ Bu(?), ®)

Where u(f):1 —0™ for the control, X(z):I —»0" for

the state variable is used. Let the system be described by (8)
forte[tg,tj]. A And B are constant matrices. Trajectory

planning problem can be written as an optimal control

problem. The goal is finding an optimal control u*(t) that
optimizes the performance index,

J = [ g(X(O.uw)dt, ©)

Subject to (8) with boundary conditions

X(ty) = X,y and X (1) = X, (10)

Where, X, and X; are known initial and final values of
states in[] * , respectively. Control u*(t) is called an optimal

control and state variable X (t) an optimal trajectory.
Generally J may be a multi objective functional; for example,
in minimization of energy or maximization of benefit.

A large number of design problems in engineering are an
optimization problem. The problem which optimizes
performance index (11) is called regulator problem [17],

J= ;;%[Xr(t)QX(t)+uT (t)Ru(t):|dt,
(11)

+2 X7 () HX (1)

Let 4, O, and H be nxn matrices, B and Rbe nxm
and mxm, respectively, matrices of function in (8) and (11).
Let u(t) be defined on a fixed interval[fy,7]. The state

vector X(f) e " is the corresponding solution of initial value
problem

X = AX(t)+ Bu(t), X(t9) =X, (12)

The optimal control problem is finding an optimal control
u(t) which minimizes the performance index (11).
Here 9, R and H are symmetric with Q0 and H non
negative definite and R positive definite matrices.
Therefore performance index J  is minimized by
assigning boundary conditions
X(ty) = Xo, X(1)=Xy, (13)

Subject to system dynamics (8) and all inequality
constraints of problem on maximum velocity and acceleration

(14)

1
GO +x30)2 < vy

(15)

1
(3 +%5(1)? <ay,
And due to the obstacles

@O =, +, DF + (@)= (x, +v, O 277 (16)

oY
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T T . -1
Where (xlC xzc) and (vlc V), ) are initial position of ~ X4(fo) = X2(f9) = by +2by1 ot nb,tg" D = xp,» (27
obstacles and constant velocity of obstacles respectively. n .
H)= t=ay+aty +..+a,t," =x , 28
THE SOLUTION OF TRAJECTORY PLANNING PROBLEM (1) kZ::O A= 4o ah Al =4, 28)
In this section, we consider polynomial functions for "
trajectories of xj(f) and x,(¢) where coefficients are )= bktlk =by+bty +...+b,1y" = X, (29)
determined so that condition on position, velocity, and k=0
acceleration at £y —# are satisfied while avoiding collisions 5 (n-1) _ -
with moving obstacles. Thus the first step in solving of X3(0) =% (4) = ay +2aph +...+ nay, R (30)
problem is done by approximating x;(¢) and x,(f) by '™ x4(t) = 5 (1)) = by +2boty +...+ nbntl("fl) _— 31)
order polynomial functions of unknown parameters, we get N
" And they are substituted in polynomial functions (17)-(22).
x(@0=> aktk =ay+ayt+...+a,", (17 Thus eight coefficients unknown are determined.
k=0 Then by substituting new polynomial functions into (11)
n and assumption H =0, we get
()= X bt =by + byt .+ byt", (18)
k=0 1.z n k n k d =n k
. . J:_ItlL zakt azbkt a_(zakt ):
Polynomial functions for 270 | i £=0 dat ;2o
x3(1), x4(t), uy(¢), and u, (¢) respect to (4), (5), (17), and (18) (32)
are calculated as follows: d* n d?
;(Z byt )—(Z ayt )—(Z bt |dt
x3(6) = 3 (t) = @y + 2ayt + ...+ na, 1"V (19) k=0
) (n-1) Let Qand Ras eye(4), the performance index is
X4 ([) =Xy (t) = bl + 2b2l +...+ I’lbnl s (20) expressed as follows:
u () = %3(t) = 24, +6a3 t+...+nx(n—-a, /"2, (21)

/= %L’; (37 (0 + 23 (043 (0 +33 (1)

Uy (1) = 4 (0) = 2by +6b3 th .k nx (=1 i "2, (22) o (33)
+ui () +uj (t))dt,
Then optimal control problem is simplified by finding
unknown coefficients in (17)-(22). Some of the coefficients are By computing definite integral (33), we can show new
needed to reach each constraint. Thus all coefficients are . ) A )
computed such that all conditions are satisfied. expression of ./ which denotes by.J. Then polynomial
o function of remaining unknown coefficients, known initial
By definition time £, and known final time ¢ is as follows:
o, o, J = play.by.te:ty) (34)
X X
Xy = 02 , and X = g R (23) Moreover, all the problem constraints are transformed into
X0, X, polynomial functions of time with the unknown coefficients.
% X The optimal control and trajectory are calculated with

AN
minimizing J subject to the polynomial constraints. In order
to solve the constraint optimization problem, Matlab
optimization toolbox is used [20].

Some of the coefficients are obtained for satisfying
boundary conditions (13)

n . . . . .
q(te)= Y aptyh =ag +arty +.tayty" = X, 4) The above result is summarized in the following algorithm.

£=0 The main idea of this algorithm is to transform the optimal
control problem into an optimization problem and solving this

n LB
xt)= 3 bytet = by +bity +t byt =xo,,  (25)  opumeaton problem.
k=0 Algorithm.
x3(ty) = % (fg) = a; + a1, +UJL,mntO(nfl) =X, (26) Input: Optimal control problem (8)-(10) subject to the

constraints.

8o
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Output: The approximate optimal trajectory, optimal
control, and performance index J .

Step 1. Approximate the state variables by '
polynomial functions from (17) and (18).

order

Step 2. Find the velocity and control variables as functions
of the approximated state variables from (19)-(22).

Step 3. Obtain a number of polynomial function’s
coefficients in (17)-(22) due to satisfy initial and final
conditions from (24)-(31).

Step 4. Find J by substituting the obtained coefficients in
polynomial function (17)-(22) and replace the obtained

polynomial functions in (11) from (32).
Step 5. Compute definite integral in (33) and determine

expression of polynomial function J of remaining
coefficients, known initial time £, and final time¢, .

Step 6. Convert all the problem constraints into polynomial
functions of time with the unknown coefficients

Step 7. Use Matlab optimization toolbox to solve the
constraint optimization problem.

OBSTACLE AVOIDANCE SIMULATION AND NUMERICAL
EXAMPLES

To illustrate the efficiency of the presented method, we
consider the following four different scenario. The diameter of
the obstacle is 0.18m in all examples. Also, obstacles are
considered as moving circular objects and robot should avoid
collisions with this obstacles such that initial and final velocity
of robot in start and terminal point, respectively, equal to zero.

The first step for solving these examples by the proposed
method is by approximating x;(¢) and x,(¢) as 5 order
polynomial functions of unknown parameters from (17)-(18),
then we follow the algorithm.

An obstacle avoidance

In this scenario, initial position of the robot is (0 0)" and

terminal position is(2 1)". Also, time interval is 7€[0 2]
The obstacle is centered at

X =(x, %) =09 -09) (35)
Which moves with constant speed
Ve=(vy ve) =0 1 (36)

We consider an optimal control problem to solve this
problem as follows:

Find " (t) which minimizes performance index

=2 REORSIORRHO (37)

of

+x3 () +ui (6) +uf (1)) dt

Subject to:

x©=[0 0 0 o] , x@)=[2 1 0 o (38

(31 - (xq + (v, t)))2 +(x2 — (%, + (v, t)))2 >0.0081  (39)

The position, velocity and acceleration trajectories are
shown in Fig. 1. Robot reaches to collision point earlier than
the obstacle. Fig. 2, shows the moving obstacle avoidance
simulation result. We see that the simulated omni-directional
robot trajectory is successfully avoided the obstacle. Average
of performance index is obtained J = 7.0683 .

Obstacle avoidance with considering maximum velocity and
acceleration constraints of robot

In this case, we simulate the previous case while velocity
and acceleration constraints of robot are considered. Maximum
velocity and acceleration of robot are considered as follows:

(40)

Algebraic and dynamic inequality constraints of states are
given as follows:

—

(3+3)? iy, @D

1

(3+i3)2 <ap, 42)

0 05 1.5 2

1.5 T T
—_ | | —_
o 2
<2 <2
E - -+ = -1 E
=% | | | =,
< | | | <
S 05/ ——— -~ ~ )
x(‘) | | ><<r

1 1

2
u, or ay(m/s )

Figure 2. Optimal trajectories in 1D coordinate, velocity and acceleration
diagrams of robot with a moving obstacle
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Figure 3. Optimal trajectory in 2D coordinate with a moving obstacle

Fig. 3, shows position, velocity and acceleration
trajectories with velocity and acceleration constraints.
Sequential robot and obstacle positions in Fig. 4, represent the
obstacle and robot positions, so we see there are no collision in
simulation due to maximum limitation of robot’s velocity and
acceleration. The robot passes the obstacle and reaches to the
desired point. Average of performance index is
obtained J =9.1908 .

Multiple moving obstacles avoidance with considering
maximum velocity and acceleration constraints of robot

In this scenario, optimal trajectory is computed for two
moving obstacles. Also, time interval, and maximum velocity
and acceleration constraints are assigned in scenario B
similarly. We present a simulation of the omni-directional
robot avoiding the multiple obstacles. Table I shows the data
for multiple moving obstacle avoidance simulation due to
constraints on velocity and acceleration of robot.

The performance index, initial and desired final position of
robot are considered similar the same previous cases.

)

orv (m/s

X

Figure 4. Optimal trajectories in 1D coordinate, velocity and acceleration
diagrams of robot with velocity and acceleration constraints
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Figure 5. Locations of moving obstacle and robot with velocity and
acceleration constraints

TABLE VIII.  MULTIPLE-OBSTACLE AVOIDANCE SIMULATION DATA
Positions and Position (m) Velocity (m/s)
Velocities of obstacles
xc1 xc2 vc1 vc2
Obstacle @ ) 0.2 -0.5 03
. 2 0.
Obstacle b 0.3 0.8 0 0.3

Optimal trajectories with two moving obstacles are shown
in Fig. 5. Fig. 6, is an example of multiple obstacle avoidance
simulation, in which the robot avoids collisions with multiple
obstacles effectively. Average of performance index in this
case is obtained J =9.312 .

Obstacle avoidance for worst case of moving obstacle

As a final example we consider the special worst case of
moving obstacles and robot in this part. They come together in
order to join at one point exactly, so the robot should reroute to
prevent collision with obstacle. We assume that the robot is

commanded to move from starting point (0 0)” to final point

(2 2)" at constant time ¢=3s without collisions with

obstacle. Simulation results are shown in Fig. 7 and Fig. 8.
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Figure 6. Optimal trajectories in 1D coordinate, velocity and acceleration
diagrams of robot with two moving obstacles
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Figure 8. Optimal trajectories in 1D coordinate, velocity and acceleration
diagram of robot in worst case

oA

Figure 9. Locations of moving obstacle and robot in worst case

As shown in Fig. 8, the robot passes by an obstacle in
worst case.

CONCLUSION

In this paper a computational technique for solving linear
optimal control problem was presented. The solution was
based on polynomial approach. It utilizes an approximation for
solution, by using a number of unknown coefficients. The
proposed method is effective for calculating control and state
variables as functions of time. Also, the technique obtained
optimal control and optimal trajectory in order to minimize
performance index. This trajectory satisfied velocity and
acceleration limits. The algorithm is resulted the approximate
solution, however, is justified by the extremely reduced
computational costs. The method generally handled any
obstacle avoidance. Some examples were solved by this
method and the results shown that the presented method is an
effective method.

3) References

F.G. Pin and S. M. Killough, “A New Family of Omni-directional and
Holonomic Wheeled Platforms for Mobile Robots,” IEEE Transactions
on Robotics and Automation, vol. 10, pp. 480-489, August 1994.

O. Purwin and R. D’Andrea, “Trajectory generation for four wheeled
omnidirectional vehicles,” in Proceedings of the American Control
Conference, vol. 7, pp. 4979-4984, June 2005.

K.L. Moore and N.S. Flann, “A Six-Wheeled Omnidirectional
Autonomous Mobile Robot,” IEEE Control Systems Magazine, vol. 20,
pp. 53-66, December 2000.

R.L. Williams II, B. Carter, P. Gallina, and G. Rosati, “Dynamic Model
with Slip for Wheeled Omnidirectional Robots,” IEEE Transactions on
Robotics and Automation, vol. 18, pp. 285-293, June 2002.

T. Kalmar-Nagy, R. D’Andrea, and P. Ganguly, ‘“Near-Optimal
Dynamic Trajectory Generation and Control of an Omni-directional
Vehicle,” Robotics and Autonomous Systems, vol.46, pp. 47-64,
January 2004.

Williams, Robert L., and Jianhua Wu, “Dynamic obstacle avoidance for
an omnidirectional mobile robot,” Journal of Robotics, September
2010.

Qing Zhu Cui, Xun Li, Xiang Ke Wang, Meng Zhang, “Backstepping
Control Design on the Dynamics of the Omni-Directional Mobile
Robot,” Applied Mechanics and Materials, vol. 203, pp. 51-56. October
2012.

Chen, Jianping, Jianbin Wang, Sijie Ouyang, and Yimin Yang,
“Adaptive Sliding Mode Control Based on a Filter for Four-Wheel
Omni-Directional Mobile Robots,” Cybernetics and Information
Technologies, pp. 140-153,2014.

[2]

[3]

(4]

[3]

(6]

(7]

(8]



(9]

[10]

[11]

[12]

[13]

[14]

The 7™ RoboCup IranOpen International Symposium and the 5™ joint conference of Al & Robotics
April 12, 2015

K. Watanabe, S. Yamamoto, S. G. Tzafestas, J. Tang, and T. Fukuda,
“Feedback Control of an Omnidirectional Autonomous Platform for
Mobile Service Robots,” Journal of Intelligent and Robotic Systems,
vol. 22, pp. 315-330, July 1998.

Kroger T, “Online trajectory generation: nonconstant motion
constraints,” In Proceedings of the 2012 IEEE International Conference
on Robotics and Automation, pp. 2048-2054, May 2012.

Yang, Simon X., Anmin Zhu, Meng, M.Q.-H, “A Bioinspired
Neurodynamics Based Approach to Tracking Control of Mobile
Robots,” IEEE Transactions on Industrial Electronics, vol. 59, pp. 3211-
3220, March 2011.

Ki Bum Kim and Byung Kook Kim, “Minimum-time trajectory for
three-wheeled omnidirectional mobile robots following a bounded-
curvature path with a referenced heading profile,” IEEE Transactions on
Robotics, vol. 27, pp. 800-808, May 2011.

Huang, Hsu-Chih, “Intelligent Motion Control for Four-Wheeled
Holonomic Mobile Robots Using FPGA-Based Artificial Immune
System Algorithm,” Advances in Mechanical Engineering, October
2013.

J.R. Andrews, and N. Hogan N, “Impedance Control as a Framework
for Implementing Obstacle Avoidance in a Manipulator,” Control of
Manufacturing Processes and Robotic Systems, pp. 243-251, 1983.

o4

[15]

[16]

[17]

[18]

[19]

[20]

O. Khatib, “Real-Time Obstacle Avoidance for Manipulators and
Mobile Robots,” International Conference on Robotics and Automation,
vol. 2, pp. 500-505, March 1985.

Bianco C. G. L, “Kinematically constrained smooth real-time velocity
planning for robotics applications,” IEEE International Conference on
Control and Automation, pp.373-378, December 2009.

Donald E. Kirk, “Optimal Control Theory,” Englewood Cliffs, New
Jersey: Prentice-Hall, 1970.

Kafash, B., A. Delavarkhalafi, and S. M. karbassi, “A Numerical
Approach for Solving Optimal control Problems Using the Boubaker
Polynomilas  Expansion  Scheme,” Journal of Interpolation
Approximation in Scientific Computing, pp, 1-18, 2013.

Jaddu, Hussein, and Etsujiro Shimemura, “Computional of optimal
control trajectories using Chebyshev polynomials: parameterization,

and quadratic programming” , Optimal Control Applications and
Methods, 20, pp, 21-42, 1999.

Coleman, Thomas, Mary Ann Branch, and Andrew Grace,
“optimization toolbox for use with MATLAB: User’s guide, version 2,”
Math Work, Incorporated, 1999.



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

Optimal Trajectory Planning for an Omni-
Directional Mobile Robot with Static Obstacles:

A Polynomial Based Approach
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Qazvin, Iran
N.azimmohseni@qiau.ac.ir

Abstract— This paper presents a polynomial based optimal
trajectory planning for an omni-directional mobile robot in
presence of static obstacles with considering a limitation on
velocity and acceleration of the robot. First, optimal trajectory
planning problem is formulated as an optimal control problem
which minimize a cost function of states and control efforts
respect to constraints of the problem. To solve this optimal
control problem, a state parameterization method is used. In fact,
state variables of system are approximated by polynomial
functions of time with unknown coefficients. Thus optimal
control problem converts to a constraint optimization problem
which is too easier than original optimal control problem. Then
the polynomials coefficients are computed such that satisfy all the
problem requirements and constraints. Simulation results show
effectiveness of the proposed method under different situations.

Keywords— omni-directional robot; optimal trajectory
planning; state parameterization; static obstacles;

INTRODUCTION

Omni-directional robot is a kind of mobile robots which has
the ability of moving along any direction, irrespective of the
robot orientation. This maneuverability, make it an attractive
option in static and dynamic environments. The small size
league of the annual Robocop competition is an example where
Omni-directional mobile robots have been used [1].

There are some papers which have presented kinematic and
dynamic model of Omni-directional mobile robots [2-4]. In
these models, dynamic behavior of drivers are considered but
the nonlinear coupling between the wheels has been ignored. It
causes robot dynamic model is simplified as a linear system.
The model of the nonlinear coupled dynamics for three-
wheeled Omni-directional robot was modelled in [5].

There are many works on control of Omni-directional
mobile robots. In the motion control problems of omni-
directional mobile robot many research have been done. In [6]
a back-stepping controller based on the Newtonian mechanism
and with proven global stability has been proposed. Ref [7]
related to a back-stepping control method which synthesize a

Ahmad Fakharian
Faculty of Electrical, Biomedical, and Mechatronic Engineering
Qazvin Branch, Islamic Azad University
Qazvin, Iran
ahmad.fakharian@gqiau.ac.ir

nonlinear controller for a three-wheel omni-directional mobile
robot by using of squares technique. Authors of [1] have
designed a nonlinear controller which consists of an outer-loop
and an inner-loop controller by using the trajectory
linearization control method and based on a nonlinear dynamic
model.

In the research on omni-directional mobile robot, trajectory
planning is an important issue. Generally, trajectory planning
for mobile robots is finding the desired trajectory with
minimization of a given objective function [8]. The trajectory
planning problem can be formulated in terms of an optimal
control problem [9]. It is clear that obtaining an exact analytical
solution of nonlinear optimal control problem is out of reach.
However, there are many numerical and approximate analytical
methods which help us to find a solution. One of the methods
for solving the optimal control problem which is applied in
many works is using Hamiltonian approach [10]. Inequality
states constraints exist in our problem formulation which the
constraints lead to appear Heaviside functions. Existence of
this functions cause complexity for solving the optimal control
problem. Also, dynamic states constraints may not be entered
in Hamiltonian approach. Thus in this work we use the
parameterization method. This method transforms the optimal
control problem into a parametric optimization problem which
from computational point of view is too easier than the main
optimal control problem. The parameterization method related
to parameterization variables divided to parameterization of
control variables which is applied in [11], parameterization of
state variables which is presented in [12], and parameterization
of both the state and control variables which proposed in [13].

In this paper we present a state parameterization method to
find the states and energy consumption optimal solution for
trajectory planning of an Omni-directional mobile robot. The
objective of this paper is formulation of optimal trajectory
planning problem as a nonlinear optimal control problem and
finding an approximated solution by state parameterization for
it. The goal of the trajectory planning is moving the robot to a
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desired location in a fixed time #) —¢, without collisions with

static obstacles respect to minimization of states and energy
consumption and with considering all the velocity and
acceleration constraints.

The organization of the paper is as follows. In section II,
we introduce the requirements and assumption of this trajectory
planning problem. In the section III, the dynamic model of an
omni-directional robot is presented. Section IV, is related to
formulation of the optimal trajectory planning as a optimal
control problem. A solution to the optimal control problem is
proposed in Section V. simulation results are given in section
VI. To illustrate the effectiveness of the proposed method.
Finally, the paper is concluded is Section VIIL.

PROBLEM STATEMENT

The goal of the optimal trajectory planning is finding a
trajectory which based on it, robot will move from a known
initial point to another known point as a final point.

e Avoiding collisions with static obstacles
e  Minimization of states and energy consumption

e Limitation on maximum velocity and acceleration of
robot

e  Zero velocity of robot in initial and final point

To avoid discontinuities in the solution when getting close to
the desired final state, final velocity always is chosen zero [2]
and [14].

THE OMNI-DIRECTIONAL MOBILE ROBOT MODEL

In this section the model of omni-directional mobile robot
is presented. The simplified equations which were expressed in
[2] to describe the decoupled motion equations are as
following:

() + 5(0) = g, (0, )

50+ 50 = g, (0. @
2

60+ 2" o) = g5 1) 3)

J

While these equations are linear and decoupled, the control
efforts are remain coupled with the constraints

3—|qp(t)
HORYHOE (%)2, @)
lgo (0] <3 (5)
Where as shown in Fig.l, vector p, =[x y]T is the

position of the center of mass (CM) of the robot in a
Newtonian frames, € is the angle of counterclockwise
rotation, L 1is the distance of the drive units from the CM, m
is the mass of the robot, J is its moment of inertia,
qx(t) g, (t), and go(t) are the control efforts.

79

Figure 10. Geometry of the omni-directional mobile robot [2]

In the remainder to decouple the @ equation from those of
the translational ones, they set

lgo(0] <1 (6)
Then the constraint on the control inputs becomes
2 2
;O +q, (O <1 (7

Finally, the linear equations of system are proposed as
follows:

X(1) +x(1) = g, (D,

O+ 7(0) = ¢, ()

®)
©)

With constraint on the control inputs which are given by

GO+gi <1 (10)

Now, to obtain state space equations of system, we consider
four state variables as xj(t) ,x(t), x3(t), and x4(t) Where

x;(t) and x,(t) are the locations of robot in x and y
direction respectively; x3(t) andx,(t) are the velocities of
robot in x and y direction respectively. Also denote

up ()L g, (t) andu,(t) U g,,(t) ; thus state variables vector and

X () (11)

inputs vector of system are given by follows:
| x®=x0
(0 =X =v, () |
And the state space equations of system are as follows:
% () =x3 () = v (O)

x(t) = x(t)
_|m®
U= L‘z (t)}’
x4 (1) = y(0) = v, (1)
X (1) =x4(1) = v, (1)

. (12)
X3 () = —x3(t) +uy (1) = a, (1)
X4 () =—x4 (O +uz () =a, (1)
With following constraint on the control inputs
wd () +ud (1) <1 (13)
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Which a,(t) and a,(t)are the accelerations of robot in x

and y direction respectively; u(t) and u,(t) are the control
efforts of system in x and y direction respectively.

PROBLEM FORMULATION

The optimal trajectory planning can be formulated as an
optimal control problem as follows:

Find the control U" (t) inty <t<t, which minimizes the

cost function J :

7 =11 (0 00+ ()" Rute) (14)
27

Subject to robot dynamics (12), Initial and final conditions:

X (t) = x5 X2(to) = X3 »
(15)
x3(tg) = %35 X4(f9) = X4 »
altp)=x,, n)=x,
(16)
x3(tr) =0, x4(17) =0,

State inequality constraints due to the i circular obstacles

U(xl(t)— X, ) +(xp(0-x,) 277, amn

Control efforts constraint (13) and maximum limitation
velocity and acceleration of the robot

WO+ V3 () < Vi (18)
VA2 O +a2 () < gy (19)

Which xand x, are the initial positions in x and y

direction, x; and x, are the final positions, x3 and x4 are
s / 0 0

xcl

the initial velocities, X, :{ } is the center and r is the

xCZ

radius of circular obstacles, v, and ap,, are the maximum

velocity and acceleration of robot respectively.

SOLVING OPTIMAL CONTROL PROBLEM

In this section a solution method of the optimal control
problem is proposed which is based on the parameterization
method.

First, two states of system are considered as polynomial
functions of time. Then from (12), the expression of control

7Y

efforts and other two states are obtained as a function of
unknown parameters of the approximated state variables.

Let consider xj(t) and x,(t) as polynomial functions of
time as follows:

n
O =Y a,", n=123,.

m=0

(20)

n
M) =D by’ n=1,23,.
p=0

e2))

Thus the expression of x3(t), x4(t), #(t), and u,(t) can
be determined as follows:

n
x3(t) = z ma,, ™,

(22)
m=1
x(0= Y phyt”™, (23)
p=l1
uy (t) = i ma, " + Zn: m(m—1)a,, ™2, (24)
m=1 m=2
()= pb,t? + > p(p-1b,t"2 (25)

p:l p=2

Now by substituting (20)-(25) into the cost function (14)
and with considering O and R as elementary matrices, J can

be expressed as follows:

2

2
11, n n
J(an,bn):ELf [Zamtm] +[prtp]
0 m=0 p=0

2
i pbptle

p=1

2
d 1
D" ma, " J +
m=1

(26)

n n
> ma,, " + > m(m- a,, ">

m=1 m=2

i
]2 ’

From initial and final conditions (15) and (16) we get:

n

2

p=l1

n
-1 -2
pbyt?™ + > p(p-1b,t”
p=2

n
Xl(to) = z amtm

m=0

:xl()’

@7n

t=t,
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Xz(to): prtp —XZO,
p=0 t=t,
S 1
e
x3(tp) = Z ma,t =35
m=1 t=1,
n 1
X4(t0)= Zpbptp :x40,
p=l t=t,
n
m
x(tp)= z ap,t =X,
m=0 t:t/.
n
)= Vbt =xy
=0 =ty
G 1
x3(tp)= Y ma,t"" =0,
c 1
x4(tp) =Y pb,t? =0
p=l 1=t;

(28)

29

(30)

31

(32

(33)

34

Also constraints of problem can be rewritten as follows:

Us

i \m=0

2
n n
{z ma, "+ > m(m- l)amtm_zJ

m=1 m=2

2
n n
+£z ph P+ Y p(p—l)bptp2J <1,

p=l p=2

S

JAE O+ (1) < apgy

2
-1
pbyt? J < Vinax s

1=

Which

n n
a.(t) = —Z mamtm_l + Z mamtm_1

m=1 m=1

n
+ z m(m— l)amtm_2,
m=2

2 2
n
apt™ =X, J -i{ D byt? _XCZJ > 2, (33)
p=0

(36)

37

(38)

(39

7Y

n n
_ p-1 p-1
a,(t)= —Z pbyt” + Z pbyt
p=1 p=l1
(40)
n
+ z p(p —l)bptp_2
p=2
In order to solve this constraint optimization problem, we
use Matlab’s fimincon function which is a part of the
optimization toolbox [15]. This function implements a

sequential quadratic programming to solve nonlinearly
constraint optimization problems.

SIMULATION RESULTS

In this section we utilize the proposed approach in different
conditions to illustrate the effectiveness of the method. In all
simulations we consider n = 4. Indeed, both of x;(t) and x,(t)

are approximated by fourth-order polynomials function as
follows:

(41)

(42)

xl(t) =4q +alt+a2t2 +a3t3 +a4t4,
_ 2 3 4
X2(t)—b0 +blt+b2t +b3t +b4t

Then x3(t), x4(t), u(t), and u,(t) can be determined as
follows:

X3 (t) = (ll + 2(12t + 361312 + 4a4t3 N (43)

x4 (1) = by + 2byt +3b3t> + 4byt3, (44)

w (1) = @y +2ay +(2ay +6a3)t + (3ay +12a,)i> +4dayr°, (45)
Uy (1) = by +2by + (2 +6b3 )t +(3by +12b, )12 +4byt>  (46)

Also since the soccer robots for the small-size League of
RoboCup must fit within 180mm diameter circle, we consider
radius of the all circular obstacles equal to 0.09m .

Scenariol: in presence a static obstacle

The objective of this scenario is finding the states and
control optimal trajectory which based on it, the omni-
directional robot will move in the fixed time 7, =4s from

. . X, 0 . X, 1 .
initial location = to final location| ~ |= , with
X20 0 xz/, 1

avoiding collisions with a static obstacle represented by a circle
of radius »=0.09 and centered at X, =(0.3m,0.4m). Also

we consider initial velocities of robot equal to zero.

First, we formulate the optimal trajectory planning problem
as follows:

Find the optimal control which minimizes the following
cost function
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J:% [Jodexdexdexdead +ady, @7)
Subject to dynamic system (12) with initial and final i i
conditions | |
1(0)=0, 50)=0, 50)=0, 5©0)=0, @) - |
@) =1 % @) =1 x5(4)=0, x44)=0, (49) R P R
The state inequality constraint due to the obstacle T T o 73 Y } N 4} N T N }F N T N 73 N 73
(x; —0.3)% + (x, —0.4)% 2 0.12, (50)
And control inequality constraint due to the modeling T : T ’i T ’i’ o :T o 7: o ’i’ o :r o T: o ’i o ’i
u12 )+ % <1 (51) % oi oz o5 os X‘o(.‘;) o5 o7 0s o5 1
Now, to solve this optimal control problem, we use the ) _ ) , . . .
proposed method, Figure 12. Optimal trajectory in 2D coordinate with a static obtscle

Fig. 2 and Fig. 3 depict the location, velocity, and  Scenario? : in presence two static obstacles
acceleration of robot, control effort, the value of cost function
and the optimal state and control trajectory in 2D coordinate
with a static obstacle respectively.

This scenario is totally similar with previous scenario only
with considering two circular obstacles which are centered at

X, =(0.2m,0.3m), X, =(0.5m,0.4m) (52)
= 2 T T T = 2 T \ \ The state inequality constraints due to these obstacles are:
Y T Py N R T
——T T T (x; —0.2)% +(x, —0.3)> 20.12, (53)
o 05 T - 05 T _ 2 _ 2 2
s N (x; —0.5)% +(x, —0.4)2 > 0.1 (54)
> 05 R T Tl e B S S By using the proposed method, the position, velocity,

acceleration of robot, control effort, the value of cost function
and the optimal state and control trajectory in 2D coordinate
are illustrated in Fig. 4 and Fig. 5.

~2 T T T 2 T T \
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Figure 11. Location, velocity, acceleration, control effort and The value of
cost function with a static obtscle ; : : : ; : : :
- o LN s e e
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Figure 13. Location, velocity, acceleration, control effort and The value of
cost function with two static obtscles

Figure 14. Optimal states and control trajectory in 2D coordinate with two
static obtscles

Scenario3 : obstacle avoidance in presence two obstacles with
considering limitation on velocity and acceleration

In this scenario we consider a maximum limitation on
velocity and acceleration of robot. The maximum velocity and

acceleration are limited to v, = 0.55: and ap,, = 0.35S—2
respectively. The states and control efforts inequality
constraints due to these limitations are:
Jx3+x3) <055, (55)
JExs+u)? + (—xg+12)? <035 (56)

The simulation results for scenario3 are shown in Fig. 6 and
Fig. 7.

74

2 \ \ \ 2 T T T
E b __L___ E b
e R ]
> 9 T I [l T I
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— 05 : — 05 .
2 w
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05 | | | 05 | | |
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Figure 15. Location, velocity, acceleration, control effort and the value of cost
function with considering maximum velocity and acceleration constraint

Figure 16. Optimal states and control trajectory in 2D coordinate with
considering maximum velocity and acceleration constraints

CONCOLUTION

In this paper an optimal trajectory planning algorithm for
omni-directional mobile robot in static environments was
presented which takes the maximum limitation velocity and
acceleration of robot into account. By formulating the problem
as an optimal control problem, a state parameterization
technique for solving this nonlinear optimal control problem
was used. It converts the difficult nonlinear optimal control
problem into an optimization problem with a few unknown
parameters which can be solved easily. The proposed algorithm
provides an efficient and low computational cost. The
effectiveness of the proposed method was shown by different
scenario simulations.

References

“)



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics

April 12, 2015

Liu, yong, J. Jim Zhu, Robert L. Williams II, and Jianhua Wu, “omni-
directional mobile robot controller based on trajectory linearization,”
Robotic and Autonomous Systems 56, pp. 461-479, 2008.

T.K. Nagy, R. D’Andrea, and P. Ganguly, ‘“Near-optimal dynamic
trajectory generation and control of an omnidirectional vehice,” Robotics
and Autonomous Systems, Vol.47, no. 1, pp. 47-64, January 2004.

H.A. Samani, A. abdollahi, H. Ostadi, and S.Z. Rad, “Design and
development of a comprehensive omnidirectional soccor robot,”
International Journal of Advanced Robotic Systems, Vol. 1, no. 3, pp.
191-200, September 2004.

T.K. Nagy, P. Ganguly, and R. D’Andrea, “Real-time trajectory
generation for omnidirectional vehice,” in Proceedings of the American
Control Conference, pp. 286-291, May 2002.

R. L. Williams and J. Wu, “Dynamic Obstacle Avoidance for an
Omnidirectional mobile robot,” Journal of Robotics, no. 901365, p. 14,
September 2010.

Cui, Qing zhu, Xun Li, Xiang Ke Wang, and Meng Zhang,
“Backstepping Control Design on the Dynamics of the Omni-directional
mobile robot,” Applied Mechanics and Materials 203, pp. 51-56, 2012.

Chen, Shun-Hung, Jyh Ching, and Sin-Hwa Su. “Backstepping control
with sum of squares design for omni-directional mobile robots,” ICCAS-
SICE, 2009, IEEE, 2009.

Kim, Ki Bum, and Vyung Kook Kim. “Minimum Time trajectory for
Three-Wheeled Omnidirectional Mobile Robots Following a bounded-

77

9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

Curvature Path With a Refrenced Heading Profile.” Robotics, IEEE
Transactions on 27.4, pp. 800-808, 2011.

Milam, Mark B, “Real-time optimal trajectory generation for
constrained dynamical systems,” Diss. California Institue of technology,
2003.

Donald E. Kirk, “Optimal control theory: an introdunction,” Courier
Dover Publications, 2012.

I. Troch, “Computing optimal controls for systems with state and control
constraints,” IFAC Control Applications of Nonlinear Programming and
Optimization, France, 1989.

1. Troch, “Computing optimal controls for systems with state and control
constraints,” IFAC Control Applications of Nonlinear Programming and
Optimization, pp. 39-44, France, 1989.

Kafash. B., A. Delavarkhalafi, and S. M. Karbassi, “A Numerical
Approach for solving optimal control Problems using the boubaker
Polynomials Expansion Scheme,” Journal of interpolation and
approximation in Scientific Computing, pp. 1-18,2013.

Vlassenbroeck, J., and R. Van Doreen, “A Chebyshev teqnique for
solving nonlinear optimal control problems,” IEEE Transaction
Automati Control, 16, no. 4, pp. 333-340, 1988.

Purwin, Oliver, and Raffaello D’Andrea, “Trajectory generation for four
wheeled omnidirectional vehicles.” American Control Conference,
Proceeding of the 2005, IEEE, 2005.

Branch, Mary Ann, and Andrew Grace, “MATLAB: optimization
toolbox: user’s guide version 2,” The Mathworks, Incorpoated 1999.



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

Word Concept Extraction Using HOSVD for
Automatic Text Summarization

Atiyeh Biyabangard
Faculty of Computer and Information Technology Engineering, Qazvin
Branch, Islamic Azad University, Qazvin,Iran
a.biyabangard@qiau.ac.ir

Abstract— Computers understand little about the meaning
of human language. Vector space models of semantics are
beginning to overcome these limits. In this regard, one of the
modern issues is using high dimensional data, which is
formulated as tensors. Also, due to the increased information
and texts, automatic text summarization has become one of the
most important issues in information retrieval and natural
language processing. In this paper, we propose a new method,
using higher-order singular value decomposition (HOSVD) for
extracting the concept of the words from word-document-time
three-dimensional tensor and then select important sentences
with more cosine similarity to this concept. In the following, we
measure WordNet-based semantic similarity between
sentences and remove redundancy sentences with less
importance. The evaluation of the proposed method is done
using the ROUGE evaluation on the DUC 2007 standard data
set that the obtained results indicate the predominance of our
method over many dominant systems.

Keywords—  Multi-document ~ summarization;
decomposition; higher-order singular value decomposition.

tensor

INTRODUCTION

Considering an increasing production of scientific
information and texts, users are faced with a vast quantity of
information and Studying a quantity of texts is very hard and
time-consuming for them. To solve this problem Automatic
Text Summarization is attended much by the researchers.

Based on the how this important information is presented
for the user, two types of text summarization systems;
Extractive and abstractive are defined [1]. Abstractive
summarization process consists of understanding the original
text and retelling it in a new shorter text that conveys the
most important information from the original text. Up to now
it is too hard task for computer research to solve it
successfully. An extractive summary, in contrast, can be
simply viewed as the process of selecting important
sentences, paragraph, etc. from the original document and
insert them into a more compact form. Most of the works in
Automatic Text Summarization field are based on extraction
method. In this paper, we consider extractive Multi-
document summarization.
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Yet, traditional models in summarization field and
information extraction; such as Latent semantic analysis
(LSA) only examine one version of the document in the two-
dimension matrix. LSA is based on Singular Value
Decomposition (SVD) method [2]. SVD work well for data
dimension reduction of the two-dimension matrix, but it is
not natural to apply it into higher-dimensional data, which is
formulated as tensors.

Recently, Tensor based dimension reduction has been
extensively studied for pattern recognition, computer vision,
machine learning applications, Signal and image processing,
data mining, brain modeling, and environmental modeling.
Most tensor factorization methods are unsupervised, which
enable researchers to perform them in any unsupervised
machine learning applications.

There are several algorithms for tensor decomposition.
One of this common algorithm is High-Order SVD
(HOSVD) and this method has recently been used in
numerous applications like graphs, videos, social networks,
etc. HOSVD is an extension of SVD to third-order tensors
and always produces the unique solution in the parameter
region, while other algorithms such as PARAFAC and
CANDECOMP/PARAFAC produce non-unique solutions.
SVD is an algebraic method that in Natural Language
Processing can extract relationships among words/phrases
and sentences. With these properties, results of SVD can be
used to select important sentences as a summary [3].

In this paper, the word-document-time tensor is used to
extract concepts of words; then, new methods for
summarization are proposed. For this propose, Firstly,
Higher-Order Singular Value Decomposition methods are
applied to extract the main word’s concept. These methods
are able to extract important concepts from three-
dimensional tensors. Then the sentences are arranged based
on Cosine Similarity with the main concept of documents.

The proposed method is a bout Multi-document
summarization. In the multi-document task, there are several
documents per topic, each of them talks about the topic from
different views. Therefore, in multiple documents, there is
the probability of referring to an important inseparable
concept with sentences of varied appearances. However, a
well-structured summary comprises the important sentences
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with the least repetitive concepts. So in proposed method
after rank sentences based on their Cosine Similarity to the
main concept of topic, the semantic similarities between
sentences are measuring based on WordNet and removing
the redundancy so that the resulting summary lacks any
repeated concepts and redundancies.

The rest of the paper is organized as follows. Section II
discusses the related work in using tensor for extracting
information Section III we derive a generic theorem on the
HOSVD algorithm. Section IV proposes our method for
extracting concept of the word for multi document
summarization and gives its algorithm in detail. Section V
gives the evaluation of the algorithm on the DUC 2007
corpus main task of multi-document summarization and
finally we conclude with directions for future research in
Section VI.

RELATED WORKS

As noted, this paper is looking for using tensor
decomposition to extract concept of words to produce Multi-
document summarization. In following we introduce some
related works for extracting concept from tensors in
information retrieval and data mining field: Acar et al. [4]
applied different tensor decompositions of user-keyword-
time tensor, to separate different streams of conversation in
online chat rooms. Chew et al. [5] have made use of a
PARAFAC2 model in term- document-language third-order
tensor to cluster similar documents in multilingual
information retrieval. Turney et al. [6] use a word-word-
pattern tensor for measuring similarity of words. In text
analysis, Bader et al. [7] used CP algorithm on the term-
author-time tensor for automatic conversation detection in
email over time. Manna et al. [8] purposed an application of
HOSVD for Document Summarization in Term-Sentence-
Document Tensor. Van de Cruys [9] uses a verb—subject—
object tensor to learn selection preferences of verbs. Jurgens
et al. [10] used temporal random index on the word —
semantics-time tensor for Detecting Event in Blogs. Wang et
al. [11] used temporal latent semantic algorithm in word-
document-time for identification latent document topics.

PRELIMINARIES

A tensor is a multidimensional array. A first-order tensor
is a vector, a second-order tensor is a matrix, and tensors of
order three or higher are called higher-order tensors [12].

One of the common algorithms for tensor decomposition
is High Order SVD (HOSVD) . HOSVD is an extension of
SVD to third-order tensors. In this section the definition and
important properties of HOSVD are given. To facilitate the
comparison, we firstly explain the matrix decomposition in
the same notation, as follows.

Matrix SVD [3]: Every complex [} ® L} matrix F can
be written as the product Eq. 1.

7A

F— UMLR VAT _ 8y U000 VO _ B, W0, U
(1
in which:
1. U= [T.Il'll't E.u---T.II"]D} is a unitary f3#1I:} matrix,
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3. Sisan {I;#I;) matrix with the properties of

i) pseudodiagonality:

¥ = dlag (0503 = Ompil, 30 @
i) ordering:
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Another Basic definition for understanding HOSVD is
matrix representation of a higher-order tensor, which is
explained in following.

Tensor unfolding [3]: The starting point in the derivation
of a multi-linear singular value decomposition for tensors, as
multi-dimensional matrices, is to consider an appropriate
generalization of the link between the column (row) vectors
and the left (right) singular vectors of a matrix. In order to
formalize this idea, we define the matrix representations of
the tensor in which all the column (row, ...) vectors are filled
one after the other in the following way:

Assume an Nth-order tensor AEY*~"¥ The matrix
unfolding A& gt Bt -5 ontains the element

84147 _4x at the position with a row number i, in and column
numbers equal to Eq. 4 as follow:

Gzt 1 Mool Bl T “

Sl D S P 51 R

+ (-1 000 Iy - 100 B Ty

+ (-1 T Tt g

Unfolding for order three iI}#I;%lz) -tensor A to the

il #Il:-matrix Ay, the [L#lzl))- matrix Ay and the
il;3I;#Ix)-matrix A are visualized in Fig. 1.
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Fig. 1. Unfolding of the (I;xI,xI;) 3rd-tensor A [8].

In following HOSVD algorithm is described.

Nth-order SVD [3]: Every complex Iy * Iy -JgJ-tensor
A can be written as the product Eq. 5.

A= EXLU!L}K: U“:‘...xﬂuiﬂ} (5)

in which:
. . . g o o O [}
1. is a unitary {Ig#I;)-matrix, T m ¢ i ---U'Ln'

2. S is a complex §Ij#IzIzi-tensor of which the
subtensors & u g, obtained by fixing the nth index to

a, have the properties of (i)

i) all-orthogonality: two subtensors %jmp and
& g are orthogonal for all possible values of n,
a and B subject to a=[f:

(5, m et} = P 0ih @ # B (6)
il) ordering:
g dzls ez —zlg =0 )

THE PROPOSED METHOD

In this section, we propose a new multi-document
summarization method using tensor decomposition. This
method consists of four phases as follows: 1) preprocessing
phase, 2) extracting main concept phase, 3) Sentence
Selection and producing initial summary and 4) removing
the redundancies and producing the final summary. In follow
we explain these phases in detail, respectively.

Pre-processing of Documents

In the first step, the target documents are pre-processed.
First, the examined documents are divided into parts and
pieces, which are named tokens. A token is an instance of a
sequence of characters in some particular document that are
grouped together as a useful semantic unit for processing.

In the next step, stop words are removed from the
identified token sets. Stop words are common words, which
would appear to be of little semantic value in documents.

Next step is word stemming. Many words in a text
derivate grammatical forms of a stem. for reducing word
volumes and increasing accuracy, word stems are used
instead of their different grammatical forms. We use Porter’s
algorithm.

In the final step, documents are sorted by their time. And
by relating each document to its specific time, the word-
document-time tensor is built according to the Fig. 2. In this
paper, we have used term frequency (TF) weights for
building word-document-time tensor.

Fig. 2. Word-document-time tensor.

Extracting main concept

In this step, the obtained word-document-time tensor, is
decomposed by using HOSVD algorithm. After that,
Matrices resulted from decomposition are used for extracting
concepts.

By substituting equation (8) in equation (5), HOSVD for
tree-order tensor can be rewritten as equation (9)

el 1], ®)
U= - ul,
U:E':'-I"U?:' - U‘:f?]

mdﬁ;.i_:"?:lﬁ;ig

. o 1% 't "
Am B i T iUy = Uy e U;"" ). )

Where o denotes the outer product. The decomposition is
visualized for third-order tensors in Fig. 3.

U(l)

% o

Fig. 3. Visualization of the HOSVD for a third-order tensor [3].
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By decomposing tensor using HOSVD, valuable data can
be gained from the resulted matrices. As shown in the Fig. 3,
one of the matrices, which is called U™  which is produced
by the decomposition, has linearly independent column
vectors.

From natural language processing point of view, this
column vector is the same as independent concepts and can
extract semantic structure from document. All the created
properties are orthogonal to each other. In other words, there
is no correlation between properties, which causes these
properties to have the highest difference with each other.

From a semantic point of view, Uf*¥ can be considered as
a word-concept matrix. Since core tensor has the
characteristics of the Eq. 7, the first column of the U
matrix is more important than the consecutive columns.
Hence the first column is used for determining the base
concept vector.

As a result of decomposing tensor by using HOSVD, the
dimensions of the tensor are reduced and the first column of
the output W matrix, is considered as the main concept.

Sentence selection and producing initial summary

In this step, after perform pre-processing on each
sentence, the vector of them constructed. we have used TF-
IDF weights, which is a global and local weighting and
defined as Eq. 10.

TF-IDF= TF,; #legN/DF, (10)

where TF;a denotes the frequency of term t occurs in
document d and N is the number of documents in the corpus
.also I'F. denotes document frequency of term t.

in the following, Vector words for j sentence is formed as
5 = {EyFg o B 5 indicates j(th) sentence and sy
indicates the weight of the x(th) word from j(th) sentence.
Consequently, the first column from the word-concept
matrix (U™) is saved in C = £y 6z e} as the main
concept vector. Cosine similarity is used for calculating the
similarity between each sentence and the main concept
vector of the text. This similarity is defined in Eq.
11. Slz.l:lr'er(_%} denotes the similarity of j(th) sentence to
concept vector.

Score(s, ImCosfC, 8,)m —=2E (|

TP [l

Thus, each sentence is weighted and sorted according to
its similarity with the main concept vector. This sorting
shows the degree of similarity between each sentence and the
main theme of the text. These sorted sentences are saved in
the initial summary collection, then in the next step they are
entered as input for eliminating redundancies and producing
the final summary.

Removing the redundancies and producing the final
summary

In the previous phase, sentences were sorted based on
their cosine similarity to the main text concept. The nature of
multi-document demonstrates that many sentences with
different form are semantically similar to each other. Thus,
this redundancy must be removed from the final summary.

In this phase, For computing semantic similarity between
sentences, we employed the open-source WordNet-based
approach made available by Thanh Dao et al. [13].

WordNet is an electronic lexical database for English. It
is a large semantic network — a graph — in which words are
interconnected by means of labeled arcs that represent
meaning relations. Each word in WordNet is stored with a
set of synonyms known as a synset, as well as a definition or
gloss.

The main steps of calculating the semantic similarity
between sentences, are summarized as follows:

Tokenization

word stemming

Perform part of speech tagging (POS)

Word sense disambiguation.

Find the most appropriate sense for every word in a
sentence (Word Sense Disambiguation).

6. Building a semantic similarity relative matrix of

each pair of word senses

7. Finally, compute the similarity of the sentences

based on the similarity of the pairs of words.

After calculating the semantic similarity between
sentences, We determine sentences that their semantic
similarities to each other are greater than the threshold. Then
remove similar sentences with less important and add
sentences with higher rank to the final summary So the final
summary concludes important sentences and does’nt have
any repeated concepts and redundancies.

nh W=

The algorithm of the proposed method

The proposed multi-document summarization algorithm
is as follows in Algorithm 1. In this algorithm, PreSum
shows initial summary, Sumlen represents the final
summary, MaxLen indicates the maximum number of words
in the final summary, and FinSum represents a final
summary.

Algorithm 1. Automatic Text Summarization Using HOSVD

1. Perform pre-processing on per topic and construct the
word-document-time tree-order tensor for each topic.

2. Decompose word-document-time tensor by HOSVD
algorithm.

3. Extract the first column from the matrix U' as word-

concept vector.

4, Calculate cosine similarity between each sentences
and main concept and arrange them (produce initial
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summary called PreSum).
5. M1
Sumlen «— 0 (length the final summary).

If the semantic similarity between PreSum[M] (th)
sentence by all sentences in FinSum was less than the
threshold, then PreSum[M] will be added to the
FinSum.

8. Length (Number of words) of PreSum[M] (th)
sentence adds in the SumLen value.

9. M—M+1
10.  If (SumLen <MaxLen) then go to step 7.

11.  present FinSum as a final summary.

EVALUATION

In this section we describe the data set used for the
evaluation, implementation issues and the experimental
results.

Data set

To evaluate our multi-document summarization
algorithms, we use the DUC 2007 data sets from Document
Understanding Conference (DUC). DUC 2007 have 45
document sets respectively, each with 25 news articles. Ten
NIST assessors wrote summaries for the 45 topics in the
DUC 2007. Each topic had 4 human summaries.

Evaluation Tool

We use ROUGE (Recall-Oriented Understudy for
Gisting Evaluation) toolkit (version 1.5.5) to evaluate the
proposed methods, which is widely applied by DUC
Conference for performance evaluation. It measures the
quality of a summary by counting the unit overlaps between
the candidate summary and a set of human written reference
summaries. ROUGE can generate three types of scores:
recall, precision and F-measure. F-measure is a balance (not
an average) of recall and precision results.

Methods and results of evaluation

As noted before, After pre-processing and build tensor on
each topic, we applied HOSVD algorithm on each tensor to
extract the main concepts of words from each topic. Then
calculate cosine similarity between each sentence and main
concept of topic and arrange the sentences. Initial summary
is made by sentences, which has high rank. In next step, we
measured semantic similarity between sentences and
removed redundancy and less important sentences from the
final summary. Our algorithms were written in MATLAB,
using TP Tools for decompose tensors with HOSVD.

We compare our method with several state-of-the-art
summarization approaches described briefly as follows:

e Random: selects sentences randomly for each
document set.

e Lead: for each document set, orders the documents
chronologically and takes the leading sentences one
by one [14].

\Al

e LSA: applies the singular value decomposition
(SVD) on the terms by sentences matrix to select
highest ranked sentences [2].

o  ClusterHITS: considers the topic clusters as hubs
and the sentences as authorities, then ranks the
sentences with the authorities scores. Finally, the
highest ranked sentences are chosen to constitute
the summary [15].

e Document Summarization based on Data
Reconstruction (DSDR). Specifically, generates a
summary which consist of those sentences that can
best reconstruct the original document. With two
objective functions [16]:

1. DSDR-lin: linear  reconstruction,  which
approximates  the  document by linear
combinations of the selected sentences;

2. DSDR-non: nonnegative linear reconstruction,
which allows only additive, not subtractive, linear
combinations.

e TopicDSDR: combines data reconstruction and topic
decomposition to summarize the documents. This
method used the generalized Kullback-Leibler (KL)
divergence as the loss function to evaluate the
quality of summary for linear and nonnegative
reconstruction. TopicDSDR using the KL divergence
are named LinTopicDSDR and NonTopicDSDR
[17].

e LDA-based: used Latent Dirichlet Allocation (LDA)
to capture the topics being covered by the documents
and using the topic distribution as the basis of
choosing the sentences to form the summary [18].

e LDA-SVD: combined the LDA with SVD to capture
the latent topics and the orthogonal representation of
topics in the documents [19].

e SNMF: wuses symmetric non-negative matrix
factorization (SNMF) to cluster sentences into
groups and select sentences from each group for
summarization [20].

e NMF: used the Non-negative Matrix Factorization
(NMF) to select sentences for summary [21].

Our proposed methods for the initial summarization
called HOSVD and final summarization after remove the
redundancy called WHOSVD.

TABLE I show the ROUGE evaluation results on DUC
2007 data sets between our proposed methods and other
methods . In this experiment results, we show two F
measures of ROUGE metrics: ROUGE-2 (bigram-based)
and ROUGE-L (the longest common sub-sequence).

TABLE I. COMPARISON RESULTS ON DUC 2007

Method ROUGE-2 ROUGE-L
Random 0.05432 0.29127
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Method ROUGE-2 ROUGE-L
Lead 0.06151 0.26575
LSA 0.03641 0.22751
ClusterHITS 0.06625 0.29578
DSDR-lin 0.07163 0.32369
DSDR-non 0.07439 0.35335
LinTopicDSDR 0.05654 0.31887
NonTopicDSDR 0.08200 0.36164
LDA-based 06208 0.29004
LDA-SVD 0.06941 0.30265
SNMF 0.04232 0.25502
NMF 0.07192 0.30891
HOSVD 0.08725 0.34312
WHOSVD 0.08864 0.35349

The above experimental results indicate that our purpose
method outperforms other methods. also we compare our
approach with other participants system in DUC 2007 main
task, the results show that our method performs better than a
lot of them.

CONCLUSION AND FUTURE WORKS

The goal of our work, In this paper is to extraction the
main concepts of words from word-document-time tree-
order tensors which it used for improving the results of multi
document summarization. For this purpose, we performed
HOSVD algorithm on tree-order tensors. Then sentences
were arranged based on their cosine similarity to the main
concept. We have also used a WordNet-based Semantic
Similarity to calculate similarity between ranked sentences
and redundancy elimination. The experimental results show
that our approach can outperform other state-of-the-art
summarization approaches.

For future works, other matrixes produced from the
decomposition can be used for extracting more concepts.
Also by including other parameters such as position and
length of the sentences, identification and implementation of
keywords, better summaries could be achieved.
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Consensus of Heterogeneous Multi-Agent Systems
Using Output Feedback

Navid Danaeefard

Department of Electrical and Computer Engineering
Tarbiat Modares University
Tehran, Iran
ndanaeefard@gmail.com

Abstract— This paper studies the consensus problem for
linear multi-agent systems (MASs) under fixed and switching
graph topologies. All agents are modeled by general
heterogeneous linear systems, and only the output of each
agent can be measured. Using a static output feedback
controller, consensus problem is formulated as a stability
problem with bilinear matrix inequality (BMI) constraints.
Finally, Numerical simulations are provided to show the
effectiveness of the proposed methods

Keywords— Multi-agent systems, Consensus, Static output
feedback, Heterogeneous systems, BMI.

INTRODUCTION

In recent years, the consensus problem of MASs has
attracted intensive attention in the literature, because it has
been demonstrated that the consensus problem has a variety
of applications in various areas .[1] MAS has received many
researchers attention and many researchers focused on the
control of MAS due to both their practical potential in
various applications and theoretical challenges arising in
control of them. This attention is due to its various
applications in in many areas, such as military missions,
environmental surveying, space missions, cooperative
control of wunmanned aerial vehicles, surveillance,
exploration, formation of mobile robots and communication
among sensor networks. Consensus, which is one of the
most actively studied and popular research topics in control
of MAS, requires to drive states of agents to the same vector.

MAS can be homogeneous or heterogeneous. In
homogeneous MAS, the capabilities of the individual agents
are identical. In heterogenecous MAS, the capabilities of
agents are different, whereby agents can be specialized for
specific tasks [2].

Recently, the output feedback controller has been used
to deal with the MAS [1,3—7]. In [3], a dynamic output
feedback controller proposed for consensus of the MAS
agents’ states. The consensusability problem of linear MAS
was studied in [4], where the consensus protocol was in the
form of static output feedback controller and with that
controller, states of agents reach consensus. In [1] and [7],
the dynamic output feedback controller was used to study
the consensus of the MAS. Reference [6] use same dynamic
output feedback controller of [3] and extend results to
switching topology. In [3] and [6] the idea is to reduce states
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consensus problem of the MAS to stability problem of states
errors and solve the problem with the aim of bilinear matrix
inequality (BMI). And using a dynamic output feedback
controller, consensus problem is formulated as a feasible
problem with BMI constraints. For solving the BMI, [3] and
[6-7] used homotopy method and convert BMIs to LMIs.

The MAS in [3] and [6] is homogenous and the models of
agents are in general linear state space form.

This paper presents methods for consensus of
heterogeneous MAS under fixed and switching topologies,
considering the output feedback problem for N agents with
linear dynamics. Lyapunov approach is used along with a
linear matrix inequalities (LMI) algorithm to analyze the
condition for system stability. Each agent’s dynamics is
general and dynamic equations of agents can be differ from
each other, also additional specification such as convergence
rate and actuator limitations are considered. The basic idea is
to solve the control problem using static output feedback
controller and bilinear matrix inequalities (BMIs) and the
consensus problem has been converted to the feasibility of a
set of BMIs.

The remainder of paper is organized as follows: Section 2
give some preliminaries. Section 3 provides the main results of
controller design and stability analysis. Section 4 and 5 discuss
adding virtual agent and considering switching topology for
MAS. Section 6 show validity of the proposed methods.
Finally, section 7 concludes the paper.

PRELIMINARIES

Definition1.

For 4 e C™", a Moore-Penrose inverse of 4 is defined as
a matrix 4~ € C"™"
(A* denote conjugate transpose.):[8]

1.AA A=A

2. 4744 = 4"
3.(44%) = 44"
4.(ATA) = A" A

Matrix A" exists for any matrix, but when the latter has full

satisfying the following four criteria

rank, A" can be expressed as a simple algebraic formula.
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Lemmal [8].

For AeC™", whenmatrix 4 A is invertible, 4™ can
be computed as:

f=AATA
This matrix is left inverse of A, since, in this case,
A"4=1,.

When matrix 44" is invertible, 4" can be computed as:
= A" (44")™

This is a right inverse of A ,as AA" =1 .

Graph theory

In this section, some preliminaries of algebraic graph
theory and matrix theory are given. Network topology of
MAS can be modeled by using a directed graph (or digraph)
G=(V,E, A) where V= {1, 2, -, N} (N is the number of
agents) is set of agents or nodes or vertices and E € V x V
is the set of edges. The edge (j, i) € E means that agent j can
obtain the information from agent i. Given the edge

weights a;,a graph can be represented by an adjacency or

connectivity matrix A= [ @] with a; >0 if (v j,vl.) ek
and a; =0 otherwise, and @, =0. The Laplacian matrix

L=[1,

)

] of G defined as:
NxN

—a;, [# ]
N

2 s

k=Lk=i

Laplacian is a symmetric positive semi definite matrix
and at least has a zero eigenvalue because its column sum is
zero. If graph has a spanning tree then Laplacian has exactly
one zero eigenvalue. A directed path in digraph G is a

sequence of nodes V,,V,,...,V, such that any ordered pair

of vertices appearing in the sequence is an edge of the
digraph, i.e.,( v, 1+1)EE for any 16{1 2,. k—l}

. A tree is a directed graph where a node, called the root, has
no parent and the other nodes have only one parent. A
directed graph has a directed spanning tree if there exists at
least one agent called root, which has a directed path to
every other agent. [9][10]

Consensus

In consensus the objective is to find a distributed
control protocol that drives all states to the same values and
reach global agreement between agents on a state value.
Consensus among agents is possible if and only if the
digraph includes a directed spanning tree.

Yo

Consider a group of agents, each with single-integrator
dynamics described by:

X (1)=u(t), i=1..

The consensus problem

,N.

is to design the control
input ui(t) for i-th agents, depending on states of its

neighbor agents and itself, so that all agents’ states converge
to the same value, a typical consensus control algorithm is
designed as

which is based on the idea of reducing the errors between

states of two agents. The global control input vector is given
by

and the closed-loop system is
Xx=—Lx .

It is seen that using the consensus protocol, the closed-
loop dynamics depends on the graph Laplacian matrix L.
[91[10]

Kronecker product

For matrices A, B, C and D with appropriate
dimensions, the Kronecker products represented by &
and has the following properties [11]:

(¢d)® B=A4®(aB),
(4+B)®C=4A®C+B®C,
(A®B)(C®D)=(A4C)®(BD),
(4®B) =4" ®B".

PROBLEM FORMULATION

We consider the MAS consisting of N agents. Suppose that
the dynamics of i-th agent is given by:

X, = Ax, (t) +Bu, (t)

i (t)=Cx(t) -

()
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Where X, (t) €R" is the state, u, (t) eR"™ and
V; (t ) € R? are the control input and output, respectively.

A eR", B eR"™ and C,€R? are constant

matrices. It is sometimes hard to directly measure the
information of all states. Because of constraints on state
measurement, output feedback is more practical comparing
to state feedback. In this paper output measurement used to
design the controller.

Entire MAS can be written as

{ X = A4, X (t)+Byu(t)
Y()=CoX(1)

(2)

Where v(0)er" and ¥ ] o F | u(r) €R™ ana
”(f)Z[”fauf,---,uﬂT,Y(t)eR”N and
Y:[le,sz,...,y]f,]T. A, R B e RN

and C), e RN

A, =diag{A,...,Ay},B, =diag{B,,...,B,},C, =

diag{Cl,...,CN}

For each agent, we consider the following static output
feedback algorithm:

u(t)=KL.Y (1), 3)

where K e R and Lz=L®I, ,q=number of
outputs .
Our main aim is to design the K matrix such that the
MAS can achieve stability and error of states converge
to zero.

We can also deal with actuator limitations, and don’t
allow control input to increase significantly. For

example by defining KK' < o>l and using Schur’s
lemma the following matrix inequality holds: [3]

2
ol K
; >0.
K 1
The closed-loop of overall system composed of MAS
and controller is

“

= (A, +ByKL.Cy)x(1),

N4

X=4X ,A=(4,+B,KL.C,). )
Y=C, X .
In stability analysis states error of MAS converge to zero, so

the steady states will become same. The error system can be
written with some simple transformation.

%o =(A, + L B,KL.C))X, , (6)
Ay =L A, L* , Co=L.C,L" , L =1®I, .
Where we remove a row of Laplacian matrix and

denote new matrix by 7. Theorem 1 discuss that which
row of Laplacian must be removed, also shown under

which conditions Z. has right inverse.

Theorem 1.

Consider Laplacian matrix associated with graph G and
denote it by L, assume G has at least one spanning tree,
if we remove the row of i-th root agent (called i-th father

agent) from L matrix, then new matrix( Z. ) has right
inverse.

Proof.

If L, is right invertible then det(@c 2. )#0 , using

Lemmal

det(E. L) = der (2@ 1,)x(2®1,) )= det((@@) @*)x
(1,®1,))

So if det(@ &® @*) # 0 Theorem proved.

Now using Cauchy-binet theorem

det(@@@*):det2 (M,)+...+det* (M)

Where M, is a sub matrix of @ .
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Using matrix tree theorem for directed graphs (called
Tutte's Directed Matrix-Tree Theorem) one can write

det(@®@*)=Nxdet2(M),

det? (M) =det*(M,) =...=det* (M) .

det (M ) = number of spanning trees of i-th father

agent.

So det(M) #0=> der[ L®1) 0 =
det(L. L.y =0,

and L is right invertible. [

If the system in (6) is asymptotically stable, the MAS

in (5) will achieve consensus asymptotically. Now, the
consensus problem of MAS in (5) has been converted

into the stability problem of the error system in (6).

Remarkl.

We can easily extend results of this paper to dynamic
output feedback controller case, using Theorem 1.

Lemma 2.

Consider LTI system X = Ax, if there exist positive
definite matrix P satisfying the matrix inequality

(A+<1) P+P(A+<1)<0, %)

then  the stable

and egtx(t ) — 0 .Where ¢ is convergence rate.

system is  asymptotically

Theorem 2.

The MAS in (6) become asymptotically stable if there

exist matrices K and positive definite matrix P such that
the following matrix inequality holds:

~ ~ ~ T ~ ~ ~
(Ap+LeBpKLECp+¢1) P+ P(Ap+L.BpKLECp+{I) < 0.

®)

\a%

Proof.

Using lemma 2 and substituting ( 4,+B,kL-C,) into (7)
we obtain (8).0]

The matrix inequality of (8) is a bilinear matrix inequality

(BMI) with respect to the variables K and P. and there is no
method to give an analytic solution to this problem.

The homotopy method will be used to solve BMIs. The
main advantage of this algorithm is that we usually can get the
solutions, because the homotopy path is adjustable. Now, we
summarize the algorithm based on homotopy method as
follows [6] [7]

Step 1. Introduce a real number g varying from 0 to 1,
and construct a matrix function

F(P.K,p1)=(1-u)F(P)+uF>(P.K) .
F(P)=(4,-a1)" P+P(4,-a1),

F,(P.K) = (Ap+LBpKLgCp+¢1)| P+ P(Ap+I BpKLGCp+L1)
Step 2. Set u=0 . Compute the initial value of F, by

solving the LMI F(P,K,0)<0 .

Step3. Increase 4 by some homotopy path, such

k

=, (k=12,..,.M).
as = )
M=1000.

M is a large positive integer, for

example, solving LMI

k
F| P_1,K,— |<0.
(1%1 M]<

Compute Ky by

Step4. Increase (4 by the same homotopy path of

step 3. Compute P, by solving LMI F(P,Kk,%}o.

Step5. Repeat Step 3 and Step 4 until =1 .and set
P=PF, and K=K, .

If one of LMIs is not feasible for some k, we can
increase value of M and repeat the procedure from the
non-feasible LMI.

VIRTUAL AGENT
Using presented method in Theorem 2, MAS achieve
consensus but the numerical value of consensus can’t be
manipulated and is a specifics of MAS. For dealing with
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this issue a virtual agent added to MAS and agents can
achieve consensus on the desired value.

Steady state of the virtual agent designed to be equal
to desired consensus value.

The virtual agent added to graph of MAS so that it is
neighbor of all agent but has no neighbor, so we called
it Grandfather (or main root).

SWITCHING TOPOLOGY

Consider agents of MAS that communicate with each
other and need to agree consensus. In some cases,
some of the existing communication between agents
may fail or some new links may create.

We are interested in designing controller to achieve
consensus for mentioned MASs in which graph of
MAS has switching topology.

Corollary 1.

Consider MAS have several graph topologies and
assume each graph has at least one spanning tree.

The agents of MAS can reach consensus if there exists
matrices K and positive definite matrices P such that the
following matrix inequalities holds:

(Ap+BpKLECp+(1)' P, + P, Ap+BpKLECp+(1) <0
€
i=1,...,m and m =number of graph topologies.

Proof.

If K satisfy m matrix inequalities for m graph topologies,
then using Theorem 2 stability and then consensus is
achieved by MAS. [

SIMULATION RESULTS
In this section, some examples will be given to show
the effectiveness of the proposed algorithms. The
considered MAS consist of three agents. Each agent

has two state and one output. The coefficient matrices
of the MAS are as follows

aly LAl 1 G o

YA

Azz{g _13} B0 2] &=[2 0]

As{g _14} B3=[0 3], G3=[3 0]

As can be seen agents model are different and the MAS
is heterogeneous. The graph of MAS and output
response  of  system  to  initial  condition

x0=[20 3 21 10 10 10] and controller output is shown
in Figl. (By defining Kk"<c’rand o=2  actuator

limitations considered.)

Now we add virtual agent to the MAS so that
consensus value becomes 11, equivalently steady state
of virtual agent must be equal to 11.

0 4
/14{O _J, B4=[0 0], C4=[1 0]
Initial condition is x,, =[11 0]. Fig2 shows the results

of simulation for the new MAS.

Gain matrix of controller (K) is:

-0.923 -0.385 -0.338 0
g = |-0:385 -0.840 —0418 0
-0.337 -0418 -0.663 0

0 0 o0
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In figures 1, 2 and 3 output of controller derived by
simulations from the static output feedback controller in

@ 3).

5 (®)
—— Out1 @‘_——*

—+— Qut2

—— Out3

40t

3r

=1
o
5

[}

50

(b)

30

—+— Qut1l
—+— OQut2 fy

—+— Qut3

251 —— Dutd H

20 L L L L L
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—— Ctrl1
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Figl.The MAS with three agents. a) Graph topology
b) Output of MAS c) Output of controller

-50
0

Fig2.The MAS with virtual agent.a) Graph topology b)

Figure 1 shows that output of MAS reaches consensus. Output of MAS c¢) Output of controller

v4
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(b)
Consider two graph for the MAS, by adding @
mentioned virtual agent to each graph, the case of \
MAS with switching topology analyzed and using @ @_______’®

Corollary 1 appropriate controller designed for MAS
to reach desired consensus.

Graph topologies and responses of MAS and

controller shown in Fig3. Gain matrix of static output © —
—— Out
feedback controller (K) is as follows: w2y
—— Outd
4‘0 GI[] BIU 1[50 120
-1.162 -0.080 -0.076 0 t
-0.080 -0.248 -0.076 O
K= ()
-0.075 -0.076 -0.138 0 . ‘
0 0 0 0 —+— Out1

—+— Out2 []
—+— Out3
—— Outd ||

Output 2

()

Controller 1

—+— Ctril1

—— Ctrl2 ||
—— Ctr3

—+— Ctrl4
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®

Controller 2

—— Ctil
—+— Curl2

—+— Ctrl3

—+— Ctrd

0 20 40 60 80 100 120

Fig3.The MAS with virtual agent and switching graph
topology. a,b) Graph topologies c¢,d) Outputs of MAS
e,f) Output of controller

CONCLUSION

This paper considered the consensus problem of
continuous-time linear heterogeneous MASs, under both
fixed and switching graph topologies. By adding virtual
agent and using a static output feedback controller, MAS
reaches the desired consensus value. The consensus problem
has been converted to the feasibility of a set of BMIs.
Homotopy method used solving BMIs. Lyapunov approach
is used to proof the stability and convergence of the MAS.
The future work is adding robustness to the proposed
controller when MAS affected by disturbances. Moreover
adding nonlinear terms in state space model, will lead to the
analysis of a larger group of MAS.
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Abstract— Learning to rank has considered as a promising
approach for ranking in information retrieval. In recent years
feature selection for learning to rank introduced as a crucial
issue. Reducing the feature set by removing irrelevant and
redundant features can improve the prediction performance. In
this paper we address the problem of filter feature selection for
ranking. We propose to apply minimum redundancy maximum
relevance (mRMR) method that select feature subset based on
importance of features and similarity between them. We reweight
the component of mRMR to balance between importance and
similarity. We apply two methods for measuring the similarity
between features and two methods for evaluating importance.
Experimental results on two standard datasets from Letor
demonstrate that the proposed algorithm 1)outperform two state-
of-the-art learning to rank algorithms in term of accuracy, 2)
learn a more spars model compared to a feature selection model
for ranking.

Index Terms— Learning to rank, feature selection, mRMR,

sparsity.
V. INTRODUCTION

Ranking is a central part of information retrieval
systems. Learning-to-rank which is the application of
using machine learning methods to construct a model
automatically for predicts the ranking has been
intensively studied. Many algorithms proposed for
learning-to-rank [1].

Feature selection has been well studied in
classification [2]. Many machine learning application
employ feature selection as a successful mechanism. It
has proven that using feature selection in learning-to-rank
is effective. The number of the feature for ranking is
growing and the time for extracting these features and
learning a ranking model is complicated. Some of these
features are redundant and irrelevant that can affect the
performance of prediction.

Recently some works [3-8] consider feature selection
for learning-to-rank. Three category of feature selection
technique has applied in learning-to-rank, contains
preprocessing methods filter, wrapper and embedded
methods.
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Some works apply ‘importance’ and ‘similarity’ of
information for feature selection in ranking [3] [6] [7].
Geng et al. [3] proposed a filter method that incorporates
both importance and similarity. The author proposed a
two-phase method that in first phase a greedy search
algorithm that find a subset of feature that maximize the
total importance scores and minimize total similarity
scores applied. In second phase they use a learning-to-
rank algorithm to learn a ranking model on selected
features. Lai et al. [7] proposed a joint convex
optimization formulation which minimizes ranking errors
while simultaneously conducting feature selection. Their
proposed optimization formulation provides a framework
incorporate importance measures and similarity measures
of the features. Then they solve the optimization
problem.

Inspired by [3] [7] we propose to use a method that
apply both importance of feature and similarity of
between them to select features.

Our method works in two steps:

1) In a preprocessing step applies the filter method to
select a subset of features
2) Learns a ranking model from the selected subset
In step one we solve the problem of feature
selection by using mRMR method. We reweight
importance and similarity to fit with our problem. We use
kenadl’s-t and Pearson correlation coefficient as
similarity measures to score the features according their
ranking results. For importance score we use MAP value
of ranked list provided by feature and also Pearson
correlation coefficient between feature’s rank results and
class label. Then learned RankBoost [10] and
LambdaMart [11], two off-the-shelf learning-to-rank
algorithms on selected subset in step two. We conduct
our experiments on two standard datasets from Letor3
and Letor4. Our method leads to more accurate
performance in term of NDCG@10 measure and more
spars model compared to ranked algorithm learned with
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all features and a wrapper feature selection method for
learning-to-rank [5].

This paper is organized as follow; in section II we give a
review of related works. Section III represents our
method. Section IV shows the experimental settings. In
section V empirical results are reported. Section VI
concludes the paper.

VI. RELATED WORKS

In this section we present existing learning-to-rank
algorithms. And give an overview of feature selection
methods applied in learning-to-rank.

A. Learning-to-rank Algorithms:

In learning- to-rank the instances are represent by a
feature vector of document-query pair with a label that is
relevance judgment of document to query as ground
truth. Thus that learning-to-rank is a supervised learning
problem. A ranking algorithm gives instances and sorts
them according the scores that produced for them. A
machine learning algorithm use train data to adjust
parameters and then use validation data to minimize
over-fitting. Then the learned model of ranking applies
test data to evaluate.

Learning-to-rank algorithms contain three approaches:
pointwise, pairwise and listwise which are different in
input space, output space, hypothesis and loss function.
In pointwise approach the algorithm get a feature vector
of each single document as an input instance and return
the relevance degree of the document. In this approach
ranking can modeled as regression, classification, and
ordinal regression, corresponding output is in term of
relevance score (a real value), 0 or 1 in binary
classification or labels such as Perfect, Excellent, Good,
Fair, or Bad in multi-class classification [13], and
ordered category.

In pairwise approach learning-to-rank problem is cast
to a classification problem. Binary classification that
determines which document is preferred in a given pair
of documents. In this approach each instance is a pair of
feature vector (x,, Xy) and the output is the preference of
two document demonstrated by -1 and 1. Witch 1 means
x, 1s preferred to x, and -1 means that x, is preferred to
X,. Many algorithms have been introduced for this
approach including boosting and SVM based algorithms.
RankBoost [10], LambdaMart [11] are based on

boosting, Ranking SVM [14] is based on support vector

AY

machine that algorithm adopts a large margin

optimization approach like the traditional SVM and
minimizes the number of incorrectly ordered document
pairs.

Listwise approach gets the list of document as input
and ranked list as output. Works in this approach can be
categorized into two types. First attempt to optimize the
information retrieval measures like MAP and NDCG
directly, such as SVMMAP [15]. The second types
define listwise loss functions which are not directly
related to evaluation measures Example algorithm is
ListNet [16].

B. Feature Selection for Learning-to-rank Algorithms

Feature selection contained the search strategies that
attempt to find a subset of original feature set that
convince the evaluation measures. Applying feature
selection in learning-to-rank considered as an effective
method to improve performance of model in term of
accuracy and sparsity. Three approaches of feature
selection methods involving filter, wrapper and
embedded are used in learning-to-rank. Filter methods
[3][4] that select subset of feature in a preprocessing step
independent from learning algorithm. Wrapper [5][6]
another preprocessing method which use learning
algorithm as black box and conduct the feature selection
search on performance of model. Embedded methods
[7][8] that apply feature selection in learning process.

In [3] Geng et al. known as the first attempt of using
feature selection in learning-to-rank proposed to apply a
filter method that select features based on importance of
features and similarity between them. They define
importance score for each feature on ranked list provided
by feature according to feature values and evaluate the
performance by evaluation measures like MAP and
NDCG. They define Kendal’s-t to measure the similarity
between two features for ranked lists provided by them.
Then they formulate feature selection as an optimization
problem that maximize the total importance score and
minimized the total similarity score simultaneously. To
solve the optimization problem they use a greedy search
algorithm (GAS). They compare their method with two
traditional feature selection methods. The experimental
results show that the GAS outperforms other feature
selection methods on two datasets. Yu et al. [4] Proposed
a filter and a wrapper effective feature selection method
for ranking designed based on relief algorithms. The
Relief algorithms identify discriminating features for
classification. They are iterative methods that update the
feature weights at each iteration based on their
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importance. They proposed RankFilter, a filter approach
from training data with multilevel relevance classes. And
RankWrapper, a wrapper approach for training data with
relative orderings. Experiments on OHSUMED datasets
show that their method outperforms the GAS algorithm.

In [5] Dang et al. proposed a wrapper method witch use
a best first search algorithm to divide the feature set to k
subsets and learn a model with each subset. The result of
each learning method is a new feature. Then extract
vectors for these new features that are less than original
features. Then they use four learning-to-rank algorithms:
RankNet, RankBoost, AdaRank, and coordinate ascent
with these vectors. The experiments on the Letor
that they produce comparable
performance in terms of NDCG@5 while using the less

datasets  show

features.

Pan et al. in [6] propose to use boosted regression trees
as wrapper approach. They explored greedy and
randomize approaches. Like [3] they use importance
score and similarity score for greedy approach. They use
the relative importance score for regression boosted
trees. And use the Kendal’s-t of two features vector
values as similarity score. They investigated two greedy
approach as optimization problems one maximize the
importance score, other maximize the total importance
the total similarity
simultaneously. They also proposed a randomize

score and minimized score
importance based method. Experiments demonstrate that

randomize method outperform greedy methods.

In [7] Lai et al. applied an embedded method based on
sparse SVMs. This algorithm solves a joint convex
optimization problem witch minimize ranking errors
while automatically selecting the best features based on
both similarity score and importance score. They used
Pearson correlation coefficient for measuring similarity
and importance. Then they use a Nesterov approach to
fast convergence. The results show that FSMRank
outperform the GAS algorithm and gained competitive
performance compare to baselines on four datasets.

Laporte et al. in [8] propose a general framework for
embedded feature selection by using support vector
machines with a sparse regularization term. They
investigated a couple of regularization terms such as 1,
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log penalty, mini-max concave penalty, and 1, pseudo-
norm with p<1. The results on Letor3 and Letor4 show
that proposed method outperform the others spars
models with more sparsity while preserving prediction
performance.

VII. OUR METHOD

A. Notations

Let q; a query in a set of queries Q = {q1, Q2, ..., dk}»
where k is the number of queries in dataset.
X={Xi1,Xiz»...,Xy1} denote the list of documents retrieved
for g;. Each document is related to a label denoted by Y,
where YE{0,1,2} is the relevant judgment. F={f.f,,...f;}
denote the feature set. N use to denote total number of
features and m denotes the number of features that should
select. S denotes the set of all features.

B. mRMR

Some of the proposed methods used importance, some
used both importance and similarity of them to choose
the subset. Other works select the features without
considering the similarity and importance.

We propose to use mRMR (Minimum Redundancy
Maximum Relevance) [9] a non-linear feature selection
method that used both similarity and importance of
features. mRMR (Eq. 1) use mutual information to
measure importance and similarity. They used mutual
information between feature and class as importance and
mutual information between features as similarity.
mRMR formulate the feature selection problem as the
following optimization problem:

b I(f,-;fj)-

m— 1 /./Esmfl

max I(fi;c)— (1

Ji€X =Sy

Where c is class label. The algorithm selects one
feature that maximizes the above equation at each
iteration.

C.mRMR for Ranking

Selecting a subset of features that based on their
importance and similarity can formulate as an
optimization problem [3][6][7] mRMR provide a
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framework that can use any importance and similarity
measure. We weighted the mRMR (Eq. 2) as follow:

max a..imp(f,.)—ﬁ.Zsim(fi,fj) @

Which a and B are two weights that choose by cross-
validation and balance the importance and similarity. At
first iteration algorithm chooses the most importance
feature. After that at each iteration algorithm try to find a
feature that maximize the equation. We use best first
search method to solve the optimization problem.
Algorithm 1.shows the mRMR applied in learning-to-
rank. After feature selection we apply selected methods
in  two well-known methods RankBoost and
LambdaMart.

Algorithm 1 FS with mRMR

1. Construct a set T to contain the selected features.
Initially Ty = @.

2. Calculate the importance of each feature

3. Choose most importance feature as first selected
feature T1=max {imp}

4. fori=2,..m:
Choose feature that maximize Eq.(2).
Add feature to T

5.0utput T

The features values of the datasets are continuous, and
mutual information for continuous data needs extra
computation hence instead of mutual information we
employ two similarity methods for measuring similarity
and two for importance. We apply Kendal’s-t (Eq. 3)
and Pearson correlation coefficient (Eq. 4) to compute
the similarity between features. The similarity score of
two features measuring the correlation of two ranked list
provided by that features. Kendal’s-t (TAU) for ranking
for a query q and two features f; and fj, is defined as
follow:

AD

#{(xx,x,)qu | x, <, x,andx <, x,}
#{(xs,x,)e)(q}

Tau(f,, f,)=
3)

Which the numerator is number of paired documents
related to query q that take equal preference according
two features ranking f; and f;, and the denominator is the
number of whole pairs of documents associated with the

query.

Pearson correlation coefficient (PCC) for measuring the
similarity is defined as follow:

cov(f. )

Jvarifl. ;.Varifj ’

Where co\Efi, f, ):Z( f,(k) _ f’I f/(k) — j;/ j is the covariance of
k=1

n _\2
two features and Var( fi )= Z( fi(k) _ f’j is the variance of a

k=1

pcclf. f,)= 4)

feature.

To evaluate the importance of each feature we use
MAP of each feature as ranking model on training data,
and Pearson correlation coefficient between the feature
and class label. Pearson correlation coefficient for
determine the importance of feature is defined as [PC(f;,

Y)|.

MAP (Mean Average Precision) only can work for
binary judgment. Relevant and non-relevant label
provided for each query-document pair. To define MAP

first we need P@k (Eq. 5) precision at position k:

# positive instance withinto p k
k

)

P@K =

Where is the fraction of number of relevance
document at top k positions. Then AP@k (Eq. 6)
averaged precision at position k for the query is defined
as:

Z , P@K {document

# {relevant

k in relevant }

(6)

AP @ K =
e document  }
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Where the denominator is the total number of
document associated with query. MAP is the averaged

AP@k over all the queries.

VIII. EXPERIMENTAL SETTING

A. Dataset

We conduct our experiment on two datasets MQ2008 from
Letor 4.0 and the OHSUMED from Letor 3.0. MQ2008
corresponding to year 2008 edition of TREC Million Query
track. It has in total 784 queries, 15211 document-query pairs.
3 relevance levels have provided and 46 features have
extracted. OHSUMED dataset consists of 106 queries, with 45
features extracted from the online medical information
database, MEDLINE. It consists of 16 140 document-query
pairs, and 3 relevance levels.

Each dataset is prefolded in to five folds and each fold
contains a training, validation and test set, respectively to use
cross validation.

B. Evolution Measures

We use NDCG an information retrieval evolution
measures to evaluate the prediction performance of
ranking algorithm after feature selection. As well as we
use the Sparsity ratio to compare the number of selected
feature in proposed method against baselines.

NDCG (Normalized Discounted Cumulative Gain)
can work with multiple relevance judgment. To define
NDCQG, first we need DCG (Eq. 7). Let the m be the
ranked list for query q, the DCG at position k is defined
as:

DCG @K = i @ ) tog (1+ ) )

Where the (2'7-1) is the rating of a document and the
log(1+j) is position discount factor. The DCG can take a
value more than 1. Then a normalization term is used
(NDCG), the NDCG takes values between 0 and 1.

Sparsity ratio is the fraction of selected features after
feature selection step. For each fold fe {f},...,f,} whichn
is the number of folds in data set , the sparsity ratio (Eq.
8) is defined as follow:

__ #selected features after feature selection

SR (8)

/ #whole features
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The sparsity ratio for algorithm (Eq. 9) and
corresponding dataset is the average of SR over all the
folds:

)

C. Ranking models

We apply the results of feature selection on
RankBoost and LambdaMart, state-of-the-art
algorithms. RankBoost [10] is a pairwise learning-to-

two

rank algorithm based on boosting approach. The
boosting algorithm linearly combines several weak
ranker into a single strong ranking model. A weak
learner ranking could be equals to a ranking feature.
LambdaMart [11] is another a pairwise learning-to-rank
based on boosted regression trees. LambdaMart uses
gradient boosting to optimize a ranking loss function.

IX. EXPERIMENTAL RESULTS

We run feature selection method on each fold and calculate
the prediction performance on corresponding fold, then average
on them. We used a public implementation of RankBoost and
LambdaMart. We train RankBoost 300 iterations. And train
LambdaMart until the performance is converged. We set the
parameters of LambdaMart as follow, number of trees sets to
1000, learning rate sets to 0.1 and number of tree leaves sets to
10.

We use learning-to-rank algorithms RankBoost and
LambdaMart as baselines and evaluate our method’s accuracy
and compare it with baselines. Also we compare our method
with a feature selection method for learning-to-rank [5] in term
of sparsity ratio and accuracy.

In follow, when algorithm trained with all features
refer by Orig and the algorithm trained with selected
features by method [5] represent by BFS. When we train
model with mRMR results depend on importance score
and similarity score that used, a combination that the
first part indicates importance method (including
MAP,PCC) and second part shows the similarity
measure (such as PCC,TAU) is used.

Fig.1 represents the performance evaluation of
RankBoost and LambdaMart Algorithms in term of
NDCG@10 on two datasets; MQ2008 and OHSUMED.
As the results shows our method outperforms the
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algorithms with all features in all combination in two
datasets. PCC-TAU has gained the best results in both
datasets with LambdaMart. Also it obtained the best
results on OHSUMED dataset when RankBoost applied.
MAP-PCC and MAP-TAU acquired the best results on
MQ2008 with RankBoost. Also our method compete
with BFS although ours get the best results in term of
accuracy.

RankBoost
0.55
0.5
mOrig
o
b=y . MAP-PCC
S 045 = MAP-TAU
23 IAP-T:
2 mPCC-PCC
-PCC-TAU
0.4
mBFs
0.35
MQ2008 OHSUMED
(a)
LambdaMart
0.55
0.5
mOrig
= W MAP-PCC
k=2
o 045 o MAP-TAU
(&)
B w PCC-PCC
W PCC-TAU
0.4
uBFS

MQ2008

OHSUMED

(b3

Fig. 1. Results on datasets.

Table.1 shows the sparsity ratio on datasets with
RankBoost and LambdaMart Algorithms. We compare the
results of using different importance and similarity measures in
mRMR algorithm with BFS. Our method leads to reduce the
number of feature and more spars than BFS. The results show
that applying mRMR outperforms the BFS in both datasets. In
MQ2008 applying MAP as importance measure and PCC as
similarity measure lead to more sparsity for both algorithms. In
OHSUMED dataset using of PCC for measuring importance
and Kendal’s-t as similarity measure caused to more reduce in
number of features. In all cases our method leads to less than
0.18 sparsity ratio.

AY

Table VII1.Sparsity ratio.

OHSUMED MQ2008

Algorithm | LambdaMart | RankBoost | LambdaMart | RankBoost
BFS 0.31 0.27 0.15 0.15
MAP-PCC | 0.06 0.12 0.14 0.17
MAP-TAU | 0.07 0.12 0.15 0.14

PCC-PCC | 0.11 0.12 0.11 0.13
PCC-TAU | 0.13 0.12 0.11 0.11
Total No.of | 45 45 46 46
Features:

X. CONCLUSION

Learning-to-rank is an inseparable area of information
retrieval systems. Recently, with respect to effectiveness of
feature selection, some works focused on using feature
selection for learning-to-rank. We apply mRMR for feature
selection in learning-to-rank. We use two methods for
measuring the importance and apply two methods as similarity
measure. And compare our method with two state-of-the-art
methods RankBoost and LambdaMart as baselines as well as a
wrapper feature selection in learning-to-rank in term of
accuracy on NDCG@10 and sparsity. The empirical results
indicate that our method outperform the baselines in accuracy
while leading to more spars ranking model.
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A note on Pearson Correlation Coefficient as a metric
of similarity in recommender system
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Abstract— Recommender systems help users to find
information that best fits their preferences and needs in an
overloaded search space. Most recommender systems
researches have been focused on the accuracy improvement of
recommendation algorithms. Choosing appropriate similarity
measure is a key to the recommender system success for this
target. Pearson Correlation Coefficient (PCC) is one of the
most popular similarity measures for Collaborative filtering
recommender system, to evaluate how much two users are
correlated. While Correlation-based prediction schemes were
shown to perform well, they suffer from some limitations.
In This paper we present an extension toward Pearson
Correlation Coefficient measure for cases which does not exist
similarity between users by using it. Experimental result on the
film trust data set demonstrate via our proposed measure and
PCC we can achieve better result for similarity measure than
traditional PCC.

Keywords—recommender system, Collaborative Filtering,
similarity measure, Pearson Correlation Coefficient

I. INTRODUCTION

Recommender systems have become a mainstream
research field in information technologies. They use the
different sources of information (Collaborative, social,
demographic, content, implicit and explicit data acquisition,
etc) .Information can be acquired explicitly or implicitly by
monitoring users’ behavior. Thereupon they enable to
collect information on the priority of its users for a set of
items or elements. [1-3].

One of the most well-know and successful
recommender system is the Collaborative Filtering that
commonly used techniques to generate recommendations. It
analyzes relationships between users (as users like mined
neighbors) and mutual-dependencies between products to

identify new user-item associations [4 -6].

The Collaborative Filtering includes item-based, user-
based and model-based [7]. In case of Item based
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Collaborative Filtering, predicts the similarity among items
by adopt pairwise item similarities which are more reliable
than user similarities [8]. the user-based approaches, a
similarity matrix is adopted to store the rating of each user
for every item as it's based on the ratings given by the users
nearest neighbors has been find [8]. The model-based
construct a model to describe the behavior of user and then
predict the rating of items via take advantage of the sparsity
of data in the similarity matrix [9]. The problem of all
collaborative filtering system is estimated how well a user
will like an item that he/she has not rated so the similarity
computation phase for any Collaborative Filtering plays an
important role for its success [10].

The current most common similarity measure for
collaborative filtering recommender system is Pearson
Correlation Coefficient measure [6, 11, 12].

However traditional PCC can be used as similarity
measure for CF. the ultimate goal is to improve the accuracy
of the Pearson Correlation Coefficient measure; it will be
happen by different techniques including: extension [13-16]
or changed the PCC[17].

Traditional PCC does not consider the size of the set of
common users. To solve this problem, Pearson Correlation
Coefficient based on weight has been proposed [13].SPCC
is scalable Pearson Correlation Coefficient algorithm that
uses the cluster for neighbor pre-selection [14].CPCC is
confidence- aware Pearson Correlation Coefficient that
consider the rating confidence; confidential weight of an
item rated by the active user[15]. Most of the traditional
measure such as PCC are symmetric which means that they
always assign equal similarity to each user even when one
user' behavior is quite similar to the other but not
conversely. Incorporating a weighting schema in PCC can
improve that's result [16].
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Proximity-Impact-Popularity (PIP) is a similarity
measure that analyzed the drawback of Pearson correlation
coefficient. This new similarity considered three aspects:
proximity, impact and popularity of the user ratings. But,
this similarity considers only the local information of the
ratings and does not consider the global preference of user
ratings [17].

However Pearson Correlation Coefficient is a good
measure but the former issue refers to the difficulty in
finding sufficient and reliable similarity measure Therefore
in this paper we propose a novel approach for Pearson
Correlation Coefficient to solve some shortage of traditional
PCC.

The rest of this paper is organized as follows. Section 2
gives a brief overview of related research on traditional the
similarity measure for Collaborative Filtering. Section 3
describes the Pearson Correlation Coefficient and its
limitation. Section 4 proposed new similarity measure.
Section 5 considers experimental result. Finally, in Section
6 we conclude our work.

II. SIMILARITY MEASURE

The core of Collaborative Filtering is to calculate
similarity among items or users. A metric or a Similarity
Measure determines the similarity between pairs of users
(user to user CF) or the similarity between pairs of items
(item to item CF).

Collaborative Filtering system using neighborhood-
based algorithm for providing personalized prediction.
That's used Pearson Correlation to weight user similarity,
used all correlated neighbors, then computed a final
prediction by performing a weighted average of deviations
from the neighbor's mean[18,19]:

r.—r
; ' (M

p,,Represent the prediction for the active usera for
itemi n Is the number of neighbors and w,, is the

similarity weight between the active user and neighbor u as
defined by pcc .

Many Statistical Coefficients can be used as similarity
measures for Collaborative Filtering recommender system.
The final goal in Collaborative Filtering is get a set of

neighbors that are closed as possible as given active user by
using similarity measure that enhanced the accuracy.

Traditionally, the series of statistical metrics have been
used in Collaborative Filtering such as the Pearson
Correlation Coefficient, cosine, constraint Correlation , and
mean squared differences and Euclidean; the relatedness
concept was introduced to provide the importance of the
relationship between users and items [19-22].

Tablel shows a classification of the memory-based CF
similarity measure .as Heuristic Similarity Measure that
named (PIP) and outperforms the traditional statistical
Similarity Measure (Pearson Correlation, cosine,
etc.)[23].Predicts first actual ratings and subsequently
identifies prediction errors for each user named (UERROR),
and a metric based on neural learning (model-based CF) and
adapted for new user cold-start situations, called (NCS) [6].

TABLE IX. TESTED COLLABORATIVE FILTERING SIMILARITY
MEASURES
Not based on models Model-
based
No trust extraction Trust
extraction
Traditional (only JMSD,CORR,CCORR, GEN
the ratings of both COS.ACOS.MSD.EUC
users or both ’ ’ ’
items)
Not tailored to
cold-start users
Tailored to cold- PIP UERROR NCS
start users
Extended to all SING TRUST
the ratings

II. HOWEVER THERE ARE SEVERAL SIMILARITY METRICS
TO CALCULATE SIMILARITY, BUT THREE COMMONLY USED
SIMILARITY METRICS ARE: PCC, COS AND MSD [19, 20].
THE FORMULAS COS AND MSD ARE DEFINED AS FOLLOW:

2Tl
VL)

In Equation 2 cosine similarity between two users

cos(u,u’) =

(@)

iscos(u,u"). I Represents the set of all items rated by both

user vandu' .r

ui

denotes the rating of Item i by useru and

r,. denotes the rating of Item i by useru’.
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MSD(u,u")= 7

©)
In Equation 3 Mean square difference between two users
is MSD(u,u'), I represents the set of all items rated by both

user uandu' . r, denotes the rating of Item i by useru and

ui

r,, denotes the rating of Item i by useru’.

PEARSON CORRELATION COEFFICIENT
AND LIMITATION

In Collaborative Filtering predictions for a user can be
based on the similarity between the interest profile of that
user and other users. Suppose that a database of user ratings
items to exist, where users indicate their interest an item on
a numeric scale. It is now possible to define similarity
measures between two user profiles, as u and u' by Pearson
Correlation Coefficient, pcc(u,u’). Once the similarity
between profiles has been quantified, it can be used to
compute personalized recommendations for users[18,21].

Pearson Correlation Coefficient is a statistical

measurement of linear Correlation between two variables.
Equation 4 gives the pcc formula of two users uand

u'[19].

( ') Ziel (r”,i - ’_‘u Xru'.r - Fu)
pee(u,u’) = : :

Here let 7,,and 7, be the rating scores from two users,

4)

=

and 7, and 7, denote the average ratings by the two users
and/ =1, N1, denotes the set of items rated by both users
uandu'. Where pcc(u,u’) e[-1, 1] is the similarity
between two usersu andu’. pcc(u,u’)=1 is for the purpose
of consistency. In particular, pcc(u,u’)>0 indicate positive
Correlation between users uandu'. pcc(u,u’)<0 mean

opposite Correlation and  pcc(u,u’)=0 implies no
Correlation. Therefore, pcc value can capture the rating

similarity between the two users.

So, by pccmeasure, we can filter out some users' pairs

that have more or less similarity to rating scores on the same
items. Based on the assumption users with similar tastes on
different types of products have higher probability to form a

1)

community and are likely to make associates to each other
even if they don’t know each other before.

Similarity predictions based on Pearson Correlation
Coefficient suffer from several limitations:

First, Correlation between two user profiles can only
be computed based on items that both users have rated, i.e.
If users can select among thousands of items to rate, it is
likely that overlap of rated items between two users will be
small in many cases. Therefore, computed Correlation
cannot be regarded as a trustworthy measure of similarity
because computed Correlation Coefficients are based on
just a few observations[24].

the Second, the Correlation approach induces one

global model of similarities between users, rather than

separate models for classes of ratings (e.g. positive
rating vs. Negative rating)[24].

Third, two users can only be similar if there is
overlap among the rated items, i.e. if users did not rate any
common items, their user profiles cannot be correlated.
Consider the following example: Users A and B are highly
correlated, as are users B and C. This relationship provides
information about the similarity between users A and C as
well. However, in case users A and C did not rate any
common items, a Correlation-based similarity measure
could not detect any relation between the two users [24].

Forth, and perhaps most importantly, when the rating

data for Collaborative Filtering are extremely sparse, it will

be difficult to present accurate predictions using the Pearson
correlation-based Collaborative Filtering [25].

In addition of listed above the other problems of using
Pearson Correlation Coefficient don’t get any number of
results for similarity measure between two users. It happen
by following reasons ( NAN is a measure that used in matlab
software):

1. If the users don't have common items with the other
users, similarity measure can be
considered NAN results.

2. Be zero the variance of the problems that they gives
NAN similarity and occur for two bellow reasons:

2.1. If the user has one rating in this condition mean
rating is equal rating; therefore the result of this
problem, it gives as zero variance and
NAN similarity.
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2.2. If all of the items have the same ratings, the mean
of ratings will be equal with common rating,
which it gives as
NAN similarity again.

zero variance and

III. NEW SIMILARITY MEASURE

One of the limitations of using Pearson Correlation

Coefficient for similarity measure is given a set of

NAN result that these reasons to mention in the previous
section.

In this section, we will present the proposed method the

basic principle of which is reduced NAN result in similarity
measure for all of the items have the same ratings, and the
mean of ratings is equal with common rating. Equation 5

gives thenewpcc formula of two users wand u'for

addresses this problem.

(-

M, — ,uu,| + max rate)— meanrate

newpee(u,u')=
meanrate

)

u, Is the average rating of useru, u, is the average

rating of user #’ and Mean rate is the middle of all ratings.
4.1. An example:

In this subsection we intend to exemplify step by step
the use of newpcc to decrease a NAN similarity for a given

users. Suppose there are five user and five items, denoted
byy, andi, wherek,j€[L5]. Each user may rate a few
items by giving an integer rating rated in [1, 5] as shows in

table 2.

The first step of newpccis to identify the users that rate

the common items. Second, peruse the proviso equal items
rating with mean of all ratings. Third calculates the
similarity measure for users with common rating for items
and mean rating by Eq. (5) and other similarity user can be
inferred by Eq. (4), as shows in table 3.

TABLE X. THE DATA SET CONSISTING OF USER- ITEM RATING MATRIX
L L L L Is Is
U, 1
U, 3 5 1
Us 5 5 5
Uy 3 3 3
Us

Ul U2 U3 U4 Us
Ul 1 -1 0 0 0
U2 -1 1 0 0 0
U3 0 0 1 -0.6 0
U4 0 0 -0.6 1 0
us 0 0 0 0 1

IV. CASE STUDY AND EXPERIMENTAL RESULT

In order to verify the effectiveness of the new proposed
method, we conduct experiments on Real word data set
which namely film trust that contains user-item rating. Film
trust is a trust-based social site in which users can rate and
review movies. Its contain 1896 user, 2071 movies and
35497 rating.
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1000 | .
800t ! —
B00 | f
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200t A :

1]
-1 08 06 04 02 0 0z 04 0B 08 1

FIG.1. SIMILARITY OF FILM TRUST DATA SET BASED ON pce

FIG. 1 SHOW THE HISTOGRAM PLOT OF NAN
SIMILARITY MEASURE BASED ON TRADITIONAL PCC
FOR FILM TRUST. IT IS THE EXTENT TO WHICH TWO
USER LINEARLY RELATE WITH EACH OTHER AS WELL
AS REPRESENTS A LOT OF USERS no Correlation.
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350000
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150000
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— . . . : : 0
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TABLE XI. USER-USER SIMILARITY MATRIX

ay

FIG.2. THE HISTOGRAM LIMITATION FOR TRADITIONAL PCC
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F1G.2. SHOWS the reason that it gives the similarity of
ON THE FILM TRUST DATA SET BY TRADITIONAL PCC.
THE FIGURE HAS SEEN THE MOST OF USER DON'T HAVE
INTERSECTED ITEM WITH OTHERS. IT IS THE FIRST AND
MAIN LIMITATION OF RECOMMENDER SYSTEM BASED
ON PCC TO ACCRUE ESPECIALLY WHEN DATA ARE
SPARSE. THE SECOND LIMITATION HAPPENS WHEN
TWO USERS HAVE ONLY RATED ONE ITEM IN COMMON
AND ITS RATING IS EQUAL WITH THE MEAN ITEMS
RATINGS BY USERS. THREE AND FOUR LIMITATION
INCLUDE THE CONDITION OF ALL ITEMS THAT RATINGS
AND MEAN RATINGS ARE EQUAL.

TO ADDRESS ABOVE LIMITATION AND PROPOSE A
BETTER SIMILARITY MEASURE, WE DESIGN A NEW
EQUATION FOR SIMILARITY MEASURE THAT PRESENT
IN PREVIOUS SECTION. By using the new proposed
information has been
increased.

measure the volume of useful

1400 T T T T T T T T

1200 1 7

1000 ¢ 4
800 7

600 |
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0
-1 08 0B 04 02 a 0z 04 0B 08 1

FIG.3. SIMILARITY FILM TRUST DATA SET BASED ON pcCC and newpcc

F1G6.3 SHOWS THE HISTOGRAM PLOT OF SIMILARITY

MEASURE BASED ON TRADITIONAL pcc anND newpcce for
similarity measure. Its result shows that using newsim to
decrease NAN result for state all items has the same ratings
with mean ratings. The result shows that it can be calculate
the limitation of pcc and improve the correlation between

users about 11.3%.

V. CONCLUSION AND FUTURE WORK

ay

At first using the review of papers related to Pearson
correlation coefficient has a number of known limitations by
other researchers in this paper were collected. Then
according to the variance of the ratings is needed to
calculate the PCC in the denominator of fraction; PCC does
not exist for cases, this measure becomes zero. By
considering this limitation, we have proposed a new
modified version of PCC.

The result of applying PCC measure for Film Trust
dataset demonstrated that PCC measure could not be
calculated as a similarity measure for almost 30% of total
dataset; but almost 11.3% of it can be calculated with the
new measuring now. Therefore using the new proposed
measure the volume of useful information has been
increased potentially and it will be create a suitable platform
for rising the recommender system.

In Future work, whereas mentioned the introduction has

been a very comprehensive research to create a
recommender system based on PCC similarity measure, this
research creates the necessary of infrastructure to do more
research in order to improve and enhance accuracy these
systems too. Used the result of new similarity measure for
by real dataset. recommender system and revise social CRM
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Abstract—In this paper a new method is proposed for
attitude estimation of an accelerated rigid body. The
sensors are used consist of Inertial Measurement Unit (a
3-axis gyroscope with uncompensated bias and a 3-axis
accelerometer) and a 3-axis magnetometer. To improve
the accuracy of attitude estimation an extended Kalman
filter (EKF) with a switching rule is used to fuse the
sensory information. In practical applications, under the
external acceleration, the output of accelerometer is not
reliable due to its sensivity to vibration and non-
separability the dynamic acceleration and gravity. To
overcome this problem a switching rule is designed
based on acceleration detection. If external acceleration
is detected in rigid body movement, only magnetometer
outputs will be used in EKF equations; otherwise, both
of the accelerometer and magnetometer outputs will be
employed. Through numerical simulations, the efficiency
of the proposed method is illustrated under external
acceleration.

Keywords—Attitude estimation; IMU; magnetometer;
uncompensated gyroscope bias; extended kalman filter;
switching rule;

INTRODUCTION

Attitude estimation is the determination of the three
dimensional orientation of a rigid body, from non-
ideal sensors. It is a fundamental task and a crucial
problem in a wide range of applications including
mobile applications such as detection of unconstrained
walking [1], pedestrian localization [2], indoor
navigation [3], human body trackers [4] and setpoint
tracking of robot manipulators [5].

For orientation (attitude) determination, there is no
sensor that measures it directly. The earliest attempts
to estimate the attitude may go back to the time when
mechanical gyroscopes were used in an integration
process in which the knowledge of an initial attitude
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would be sufficient in finding the attitude in any other
time. Gyroscope is a good sensor to measure the
angular rate but due to integration process to find the
total change from the initial condition, any error such
as uncompensated bias will cause an enormous error in
attitude representation in long time. However, with the
advances in electronic devices, micro electro
mechanical systems (MEMS) have replaced those
previous measurement devices. These components
have provided low cost and light weight Inertial
Measurement Units (IMUs) for both industrial and
research applications. The use of body vector
measurements sensors such as accelerometers and
magnetometers have allowed researchers to design

better attitude estimation algorithms.

Probably one of the first and yet most influential
works in the attitude estimation field was a
mathematical problem proposed by Wahba in [6]. The
problem consists in finding the optimal attitude
rotation matrix provided that a number of vectorial
measurements are available. Several attempts to solve
this problem resulted in the development of fast
estimation methods, such as the Singular Value
Decomposition (SVD) in [7], Quaternion Estimation
(QUEST), and Filter QUEST. Various solutions to the
Wahba’s problem are categorized as a class of attitude
estimators known as deterministic attitude estimators.
Such assumption is not valid where significant
external accelerations can be observed. In such cases,
it becomes difficult to retrieve the attitude with high
accuracy since it is not straightforward to dissociate
external accelerations and the gravity.
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Another class of attitude estimators, combines
sensors outputs such as gyroscopes, accelerometers,
and magnetometers, consists of classical filtering
methods using either Kalman filters [8], and the
nonlinear forms of kalman filters known as Extended
Kalman Filters (EKFs) [9], the Unscented Kalman
Filtering (UKF) [10] or nonlinear observers [11].

As noted in [12], two underlying concepts behind
the inertial sensing-based attitude estimation problem
are:

1) The accelerometer measurement can provide the
fixed vertical reference, which is the gravitational
acceleration. Note that the accelerometer signal is
dominated by gravity only during static or quasi-static
conditions.

2) The angular velocity from the gyroscope can be
integrated to obtain the orientation or the attitude.

However, these concepts are faced with the two
signal processing difficulties. First, during dynamic
conditions, the accelerometer is sensitive to not only
gravity but also the external acceleration of the body
that the sensor is attached to. Therefore, the
accelerometer signal is the summation of the
acceleration and  the
since the

gravitational external

However, accelerometer

reading is inherently expressed with respect to the

acceleration.

sensor reference frame, the gravity component with
respect to the sensor frame changes according to the
changes in the sensor orientation. Thus, one cannot
distinguish the gravitational acceleration from the
external acceleration. Also in dynamic conditions, the
vibration of body is increased. Due to destructive
effect of vibration on accelerometer output, it is not
suitable to use accelerometer output in observer
equations.

Second, when the gyroscope signal is integrated, its
measurement errors (bias and noise) are also integrated
and cause boundless orientation drift errors [12].
Therefore the error of gyroscope output is increased
over the time and that’s output will be useless.

17

To overcome these problems in this paper a
magnetometer sensor along with accelerometer is used
in measurement model. Also a switching rule is
embedded in EKF equations to remove the
accelerometer output from filter in dynamic
conditions. In this condition magnetometer is used as
aiding system. The purpose of this paper is proper data
fusion of sensors to attain a drift free attitude
estimation in presence of gyroscope bias and external
acceleration.

This paper is organized as follows: In section II the
state space model consist of linear process model and
nonlinear measurement model are discussed. In section
111, the binary switching rule based on accelerometer
output is investigated to detect accelerated motion.
Observer designing and stability of it examined in
section IV. The efficiency of the proposed algorithm is
illustrated with simulations in section V. The paper
finally concludes in section VI.

STATE SPACE MODEL

Consider a rigid body moving in inertial space. The
body is undergoing both rotations and translations and
our aim is to, given a 3-axis rate gyroscope, a 3-axis
accelerometer and a 3-axis magnetometer, estimate
attitude. Now an important question arises and that is
what representation is used to attitude exhibition.
Usually it is better that state space equation is
expressed in a manner that have numerical superiority
such as quaternion and attitude representation is
expressed in a method that have physical concept
superiority such as Euler angles. For this reason in this
paper quaternion is used to representation angular
motions of rigid body.

There are two main frames used in this work. The
inertial frame, denoted by 1, is fixed in inertial space
that vertical axis aligned with the gravitational vector.
The effects due to the rotation of the earth are
considered negligible in this work. The body frame,
denoted by b, is attached to the body of accelerated
rigid body. Transformation from b-frame to 1 -frame is
simply obtained by [13]:
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where ¢ = lgz ¢ g1 gz]” is the quaternion.

The values of quaternion are defined as:
I AL T 2)

To obtain the Euler angles from quaternion, equation
(3) could be used [14]:

o]

where @, #, % are the roll, pitch and yaw angles.

atan2 (2(geqe + gamt 1 — 20q " + 1)
arceln(2{fodz — G )] (3)
atanZ (2 gy + g2t 1 — 20" + g;°

Process model
The dynamic of the system is described by the
following equation in continues space [13]:

alt) = £ 0, g () (4)

where q is the quaternion and matrix Sfeyes.) is
defined as:

P [ '““fiﬂ@j] 5
Sdmege e 56 s (5)
where  Gipegs = loiymegs Symeps “omess]’ 18 the

measured angular rate via gyroscope and involve ideal
angular rate, &, in addition to uncompensated bias and
white Gaussian noise:

Ec;‘f'i:&ﬂ.‘.!— =ﬁ+a‘ﬁ.l+lnﬁ.l (6)

where b, m,, = ®* are the bias error and noise.

v

Also matrix Fleay.z.} is defined as:

0 —Gimzze  Cpmear
5‘:%3;.:[ = | Spmeas 0 =gy maas @)
=@rmens B men g

Measurement model

The measurement model consist of three-axis an
accelerometer and a magnetometer sensors outputs:

e} = [omegs  Mmegs]” (8)

where Gugge = [Gymeze @y mege Gzmeze]” 1S the output
of accelerometer sensor expressed in body frame. It
consist of gravity vector in addition to external
acceleration of the body. For notational simplicity
— ] T ¢ ]
deﬁne nmm__ ] mﬁﬂ‘f—;ﬂ . & | a:ﬂ KT §

and @ =" I
where g=9.81m/s” :

Umger = .:‘;H'Tiuerc - &} )

where & = [0 @ 1]7 denotes the gravity vector. £R is the
transformation matrix and Gexr = [Gmexr Fwem G :".".‘T]f isa

% »¢ 1 vector that represent the external acceleration.
Mgz ™ [Mymege My near Mzmea]® 1S the  output  of
magnetometer sensor expressed in body frame.

(10)

e = f;R'T'.‘H
where m is a &= 1 vector that represent Earth’s magnetic
field [15].

The state space model of system in continuous form is:

glE) = 20 anneas o () + w0 (11)

(12)

wlel = [omg  ™imegs]” v

where g &®* is the states of system, w £ ®* is the

process white Gaussian noise with zero mean and
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covariance matrix Q =& %¥ is the output of system
and v =[r, v.]" € ®* is the measurement white
Gaussian noise with zero mean and covariance
matrices & = [Ry Ez]" v, and v, are the accelerometer
and magnetometer noises with matrices covariance A,
and A,.

In general , the discrete form can be found as
follows:

T = FiFe-1) F Wiy

= lng wel” = hlgld + vk

=By lert Bplgrd]™ + [ve vi]T  (13)

where index 1 and 2 are related to accelerometer and
magnetometer sensors.

SWITCHING RULE

As mentioned in the previous section, measurement
model consist of accelerometer and magnetometer signals. In
low or non-external acceleration both of the sensors have
reliable output. But the problem is made when the external
acceleration enters to the body. In this case, accelerometer
output is corrupted and unreliable due to its sensitivity to
vibration. Also in accelerated motions, dynamic acceleration
of rigid body and gravity could not be separated together. In
other words, the accelerometer sensor is a bad attitude sensor
in practical application when the body is accelerated [§]. In
this section an approach is investigated to the problem that is
based on a switching architecture consisting of two modes,
one for low accelerations and one for high.

In order to detect acceleration or rather non acceleration,
the output of accelerometer sensor is used. According to the
accelerometer output that is given in (9), in low or non
external acceleration (@zz = @7:

Gmen: = 2RTG= ZRE (14)
where ZRT is the third column of fEF .norm of @y (&) is:
bome (0 = 1 (15)
or
ole) m Boggg CEF 5 1 =0 (16)

So when external acceleration is zero, accelerometer
output is moving on a sphere of radius 1. It could be resulted
that a necessary condition for acceleration free movements is
equation (15) or (16).

aA

It is then crucial to understand what kind of non-
zero  accelerations  will result in  the output
oo (105 = 1. According to (9) :

1= B I = (IRT (g, - GI)' (1RT (g, — G
(17)

where Ggpn = [Byexr Fpexr Gzepe) - BY solving the (17),
the following condition for false alarm is obtained as:

(18)

The accelerations that might cause false alarms are
those that satisfy (18) and therefore live on a sphere. It is
quite clear that acceleration trajectories that move on this
sphere are very rare. However, not only those acceleration
trajectories that evolve on the sphere will produce false
triggers, also those that pass through it will [8]. To overcome
this problem, the time threshold , T, should be chosen so that
satisfying Mg 7l =1 is highly unlikely for
acceleration trajectory in accelerated motion. Consequently,
the switching rule with binary output is designed as:

=50 ifelrl= el - Ul =c vre—T 11
By = { 1 etherwtse (a

1= ﬂ.r.en: + ﬂx.sﬁ: + (ozex — 13:

9)

where £ is the small positive constant that was chosen as
three standard deviations of the accelerometer noise and Ty, is
the time threshold.

Equation (19) states that if the rigid body move
with low or non acceleration the #{#) will be zero, otherwise
(accelerated motion) it will be 1.

OBSERVER DESIGN

Extended kalman filter with switching rule

The Extended Kalman Filter simply relies on the
model linearization, and uses the obtain Jacobian
matrices in the Kalman filter. Considering the
nonlinear discrete system (13) and switching rule (19),
the extended kalman filter with switching rule for
discrete system can be rewritten as follows:

Bime = Flamsgimot (20)
Pyjmr = B Fyop s + 05 (21)

or = (1L — 2k} ':}r,. - h':fr.-ﬁ.-.-:.l:l + &} ':.}':rf. — kyf# r:|rn-L11
(22)
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Fre = G- + Frdn (24)

Pepe = (F - Kel(1 - 8RR + 8RB NPy (29)

The filter design is performed in two steps: predict
and update. Equations (20) and (21) provide the
predicted state and covariance estimates and (22)-(25)
are related to update step. These equations provides
innovation or measurement residual, near-optimal
kalman gain, updated state estimate and updated
covariance estimate. F; , K. &3z matrices are defined to
be the following Jacobians:

= &
Fi = aelfeam- (26)
H: = :I_rlff, =1 (27)
i
=g o8)

The switching binary output is embedded in (22)-
(25) equations so that when its value is zero (free
acceleration), both of accelerometer and magnetometer
outputs are utilized in EKF equations. And when the

value of &@1 in (19) is one (accelerated motion), only
magnetometer output employed in EKF.

Stability of observer

If the system model upon which the extended
Kalman filter is based is stochastically observable and
stochastically controllable, then the filter is uniformly
asymptotically globally stable , that is, the estimation errors
go to zero. The covariance matrix of w;_, in (13) is a tuning
parameter and it can be taken as a diagonal matrix with non-
zero entries. Then each state can be independently controlled
and the system can easily be shown to be stochastically
controllable [8]. As to observability, the system specified in
equation (13) is stochastically observable if there exists a
finite time £, such that the state covariance matrix is
bounded or less than a predefined threshold value, Tj., in the
sense that [16]:

19

v "{-FR:‘[ < 5 Iy &y (29)

where T,,#; < oo and o,
singular value of the matrix (-).

refers to the largest

SIMULATING RESULTS

In this section the performance of the designed filter
is illustrated under external acceleration and
uncompensated gyroscope bias error. The simulations
have been run for 70 seconds and sample time is
T=0.01 seconds. The switching rule (19) is shown in
figure (1). In this figure the upper diagram is ¢z} that
is defined in (19). The value of #1#) (lower diagram of
figure (1)) specified proportional with efz}. After 8
seconds free acceleration movement, external
acceleration in various magnitude enters to the system
over 20 seconds and this sequence is repeated in next
times. As seen from this figure, external acceleration
well detected and proportional to it the &{E] is
generated. Therefore when the motion is free
acceleration, value of &i¢) is zero and filter equations
consist of accelerometer and magnetometer outputs.
On other hand when the motion is accelerated the
value of &{%) is one, and filter equations are made of
magnetometer outputs. In (19) the parameters is set to

T¢=0.3 seconds that involve 30 samples and & = §.04.

Figure (2) shows the observer output (quaternion
estimation) (red) and ideal quaternion (blue). The
uncompensated bias of gyroscope in (6) is b, =[0.02
0.02 0.02]" and covariance matrices are chosen
& = 107%[;. and R; = f; = 107*3,¢ in simulation. To
demonstrate the stability of the filter as noted in
previous section the filter should be stochastically
observable and stochastically controllable. Stochastic
controllability of the system could be guaranteed with
the covariance matrix of wy_, (Q), but to stochastic
observability of the system, equation (29) must be
satisfied. As seen in figure (3), @mqy®F:) for all times
smaller than 1.2. Therefore (29) is satisfied by
considering T, = 1.2.
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The reference Euler angles (roll, pitch and yaw)
which is should be tracked by letting the output of
observer in (3) is

15
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Fig.1: switching rule. 8%} is blue figure and #(El is the red figurre.
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Fig.2:Estimations of quaternion (red) and ideal quaternion (blue).
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Fig.3: largest singular value of the state covariance matrix.
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Fig.4: estimated (ved) and true (blue) Euler angles. First diagram is roll
angle, second is pitch and third is yaw angles.
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Fig.5: Estimation error of Euler angles in degree.

shown in figure (4) (blue). The red line in this figure
shows the estimated Euler angles. As seen, the
reference angles is tracked with reasonable accuracy.
In figure (5), estimation error of Euler angles is shown.

To demonstrate the efficiency of the proposed algorithm,
the estimated Euler angles and their errors displayed in
figures (6) and (7) when the extended kalman filter is used
without switching rule. In this case both of accelerometer
and magnetometer are used in filter equations. As seen,
when the motion is accelerated the error was increased due
to unreliable accelerometer output.

CONCLUSIONS

In this paper, an attitude estimation algorithm has
been proposed to use in practical application. In this
algorithm a 3-axis gyroscope with uncompensated
bias, a 3-axis accelerometer and a 3-axis
magnetometer sensors were used by data fusion
method for accurate attitude estimation. In accelerated

motions of rigid body, the accelerometer output
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Fig.6: estimated (red) and true (blue) Euler angles without switching rule
in EKF equation.
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Fig.7: Estimation error of Euler angles in degree without switching rule in
EKF equation.

be corrupted which increases the error of estimation.
On the other hand bias error in gyroscope output
makes it impossible to use in attitude estimation over
long time. To overcome this problem, a switching
rule with binary output was used and embedded in the
EKF equations. Therefore filter works in two modes,
non or low acceleration mode and high acceleration
mode. These modes are detected by accelerometer
output. When external acceleration was detected,
output of the accelerometer is removed from the filter
equations, and when the motion was detected as free
acceleration, both of sensors equations will be used in
the filter equations. Finally we have reasonable
attitude estimation under external acceleration and
uncompensated bias of gyroscope without modelling
them. Future works will focus on a better way of using
accelerometer output and estimate gyroscope bias to
improve the attitude estimation and on experimental
evaluation of the proposed schemes.
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Abstract— This paper proposes a control method for
walking of biped robots in three dimensions, while most papers
consider only walking in the sagittal plane and consider the
frontal stabilization issues. The proposed method employs an
adaptive fuzzy-PD control scheme to show the validity of the
proposed model. Simulating results show good performance of
the model and the control method as compared with recently
proposed method in literature.
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INTRODUCTION

During the last two decades, walking robots have
been considered by many researchers as a challenging
problem in the robotics area. This is mainly due to the
advantages at walking that other robots (like wheeled
robots) cannot perform. Legged robots can walk in
unknown, irregular, rough, and sloppy terrains. They
can cross over obstacles or pass through ditches, go up
and down the stairs whereas wheeled robots are not
able to do these tasks.

Vundavilli and Pratihar have used three different
methods, namely fuzzy logic, neural networks, and
analytical to generate the desired path and
dynamically balance gaits for ditch crossing of a seven
degree of freedom (DOF) biped robot in 3D walking

[].

Passive dynamic-based walking (PDBW) in 3D has
been employed by Lou and Xu [2], where the authors
have used a hybrid control method to generate the
gaits from a two-point-foot walking pattern in the
sagittal plane as well as the frontal plane.

In [3], the frontal plane balance control of a biped
robot has been studied based on the balance strategy
of the human body.

Zhou and Meng have used fuzzy systems for
controlling of the biped robots [4]. Neural networks
are utilized for adapting and increasing the motion
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velocity. The robot moves in both the sagittal plane as
well as the frontal plane with good velocity. The zero
moment point (ZMP) stability criterion is used to ensure
the stability of the robot. Moreover, two fuzzy
reinforcement learning (FRL) methods are employed to
track the length and width coordinates of the ZMP.

Chevallereau et al. have present three feedback
controllers to achieve asymptotically stable, periodic,
and fast walking gait for a 3D bipedal robot [5]. The
studied robot has eight DOF and six actuators.

In [6], Park et al. have proposed a balance control
algorithm based on the fuzzy controller using 3D
geometric information obtained from the sequential
image. They fixed a camera on the head of the biped
robot and obtained the pose information of the target
during walking. For generating a stable walking pattern,
the authors have used the ZMP trajectory.

In [7], Wang et al
decomposition control algorithm for controlling the 3D
biped walking with a dynamic balance. The three-
composition control means controlling the body
orientation, the body height and the body velocity. The
biped robot has six joints and every joint has an actuator.

have presented a three-

Every leg has one pitch joint in the knee and two
rotational joints in the hip for the frontal and sagittal
swings, respectively.

Zhou have designed a reinforcement learning-based
neuro-fuzzy gait using the generalized approximate
reasoning for intelligent control (GARIC) to ensure the
dynamic balance of a five-link biped robot [8].

Ramazani et al. have developed feedback controller
for walking in 3D with energy efficiency. They have
designed a new 3D biped robot, named ATRIAS 2.1, for
the study of walking. This robot has six actuators and
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thirteen degree of freedom in the single support phase
(SSP) [9].

The studied biped robot in [10] has 3DOF with only
one actuator; the hip joint has a constraint mechanism
to lock the angle. The authors have employed the
Poincaré shooting method, in which a limit cycle on
the level ground in obtained that is used as the
reference trajectory. The discrete-time linear quadratic
regulator (DLQR) 1is employed to solve the
stabilization problem.

Sato et al. have proposed a real-time walking
trajectory generation method at constant body height
in the SSP for 3D biped robot. This robot has 4-DOF
in the frontal plane and 6-DOF in the sagittal plane.
Each joint has an actuator. The PD controller and the
disturbance observer are used for controlling and
observing the disturbances [11].

It should be mentioned that most papers consider
only walking of the biped robots in the sagittal plane.
References [7] and [10] have controlled the biped
robots in 3D. However, they have considered an
underactuated robot. In some other references, authors
employ reduce-order control method, where the DOF
of the robot has been reduced for the ease of
controlling problem [12]. On the other hand, in this
manuscript, a ten-DOF biped robot has
developed and controlled with dynamic walking and

been

good stability. For controlling, an adaptive fuzzy-PD
control method is used for stable walking of the robot
in 3D. The gaits and the desired path are generated
using the ZMP stability criterion. The proposed
method is simple and at the same time is very effective
and robust against changes in the system parameters.
Moreover, the proposed method has good robustness
against measurement noises.

This paper is organized as follows. In Section 2, the
dynamic model of the robot is presented. The 3D
walking generation is presented in Section 3. The
structure of the Fuzzy-PD controller is given in
Section 4. Section 5 shows the simulation results
followed by conclusions in Section 6.

DyNAMIC BIPED ROBOT

The schematic diagram of the biped robot that is
modeled in this paper is shown in Fig. 1. It walks in 3D;
i.e., it can walk in the sagittal plane (the x-z coordinates)
as well as in the frontal plane (the y-z coordinates). In
the sagittal plane, the robot has six DOF. On the other
hand, in the frontal plane, the robot has four DOF. One
step comprises of three phases: 1) double support phase
(DSP), 2) single support phase (SSP), and 3) impact.
The DSP happens when both legs are on the ground. On
the other hand, the SSP occurs when just one leg is on
the ground. The SSP impact is after the SSP when the
tip of the swinging leg contacts the ground. The DSP
and SSP have different dynamics; hence, they must be
considered separately.

Single Support Phase
The dynamic of SSP can be written as [13]

D(0)0+H(0,0)0+G(0) = 7, +J., (O)F, +J, (OF,
+I(O)F, +J,, O)F,

where D00, Hipas Gioas F, s JZr(leS) and To(10x1) A€
the inertia matrix, the vector of centripetal and coriolis
forces, the gravity vector, the force applied to the right
foot at the point a, the Jacobian matrix, and the vector of
joint torques, respectively, and 0 is the vector of joints
position.

Double Support Phase
The dynamic of the DSP can be presented as [13]

D(©)0+H(6,0)0 +G(0) =1, +J, O)F, +J; O)F, +J_ (OF,
+J0 (0)F, +J,(O)F, +J,,(0)F, +J (0)F, +J/, (OF, (2)
where J7 and F, are the Jacobian matrix and force

al(10x3)

applied to the left foot at point a, respectively.

Impact
At the end of the SSP, the robot lands its swinging
leg. At this moment, a sudden impact between the
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ground and the tip of the foot occurs. This impact
affects the angular velocity. If the impact is large, the
angular position and velocity may incur large changes
to the robot position and hence, causing instability.
Therefore, the control method should produce as little
impact as possible. The angular velocity immediately
after the contact is [13]

0; et =

rapaet = 0+ D'ITADITY(-JO7)

3)

where @ is the angular velocity right before the
impact.

3D WALKING GENERATION

For the robot’s walking, the first step is to design
the trajectory of motion. In this paper, the three-
dimensional linear inverted pendulum mode (3D-
LIPM) in used for the trajectory generation of the SSP
and a third-order polynomial function is employed for

Fig. 1. Schematic diagram of ten-DOF biped robot.

Trajectory generation in SSP

When the biped robot is in the SSP, the trajectory is
designed based on the 3D-LIPM. In this method, the
motion is constrained to an arbitrarily-define plane. The
trajectory must be designed separately for the sagittal (x-
z) plane and the frontal (y-z) plane [14, 15].

Fig. 2 shows a 3D inverted pendulum. The position of
the point mass is P=(x,57,52,) and the state variables

are ¢=(6,,0,,r).

Using the 3D inverted pendulum, the equation of motion
in the frontal plane and in the y , direction is [14]

.. g
Yo=Y 4)

where g is the gravity acceleration and z_  is the

distance from the foot to the center of mass (COM) of
the robot that is constant.

According to [13], the trajectory for the SSP with the
initial condition (y,,y,) at time ¢, can be calculated as

Fig. 2. 3D inverted pendulum
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where 7. =,/z,/g and T  is the time duration for

one step at the SSP phase.

Fig. 3 shows an ideal stepping motion of the robot
in y  direction and S is the point where the velocity

is zero.

Left support

Right sunnort

ps S

Fig 3. Motion in y , direction

According to the 3D inverted pendulum (Fig. 2), the
equation of motion in the sagittal plane and in
x,, direction is [14]

(6)

Assuming the initial state as (x,v""), the final state

of the body (x‘;”),v }”) ) can be written as [14]

T, T,
xMe)y=x" cosh(%) +Ty ™ sinh(%)

c c

T 1 T 7
v (@)=v™ cosh(=2)+— v ™ sinh(=2
) =v, (T ) 7.7 (Tp )

¢ c

Fig. 4

(x, direction).

shows two steps in the sagittal plane

x;n) :f (xovvo)

v;.")z g(xyv,), the cost function can be defined as

Assuming and

follows:

J :lan (x(f.”) —x, )2 +lbn (v(/” -, )2
| o . ®
=Ean(f('x07v0)_xd) +Ebn (g(xoavo)_vd)

where (x,,v,) are the desired state at the end of the SSP
(point F in Fig. 4) and a,,b, >0 are the design

parameters.
y® v,(” =y® v
7 m— —(
ca
4 e
I/
/ I
/ 1
/ WV >!
/ \\ 1
/ \\ 1
/ \\ N
/ A\ J
1 quumunn® ...ll... ‘I
I¢““ "'.."E x‘
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xi(l) x;l) x1(~) X;Z)

4. Motion robot in x » direction

Trajectory generation in DSP

In Fig. 4, the robot moves from point D to point D
in the DSP with constant velocity v”. The ankle of the
robot rotates in the frontal plane in the y, direction.

This movement is like a third-degree polynomial. In the
x, direction (i.e., in the sagittal plane) the robot moves

with constant velocity. Hence, the trajectory is a linear
equation. Therefore, the desired trajectory of point
p=(x,,5,,z,) 1s as follows:
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3 2 4
y,(@)=cit +c,t” +eit” +c,

t
x,@)=x,+——x, —x,)
dsp

0<t<T

dsp

©

z,=h=cont
where T, is the elapsed time during the DSP.

In order to solve (9) and find the coefficients, it is
necessary to know the position and velocity of the last
point of the first phase of the SSP as well as the
position and velocity of the first point of the second
phase of the SSP.

Fuzzy-PD CONTROLLER

The Proportional-Derivative (PD) control method is
a close-loop feedback controller that tries to correct
the error between the output process and the reference
signal input. One PD controller is designed for every
joint of the robot. The PD gains are determined based
on the fuzzy rules. Fig. 5 shows the block-diagram of
the fuzzy-PD control method. The control signal of
each joint can be defined as

r, =k e +k,e, i=1..n (10)
Trajectory
generation f f
PD T Robot
. (“) controlle " model
Fuzzy
Supervisor
¢

Fig. 5. Block diagram fuzzy-PD control

where ¢ is the difference between the desired angle
and the measured angle for each joint and ¢ is the
derivative of ¢,.

The fuzzy supervisor, which has the task to adapt
the PD coefficients to the changes in the system
parameters and external disturbances, is on the second

level of the control loop. Two fussy systems are need for
every DOF of the robot, one for %, and the other one for
k, . The inputs to the ith fuzzy system are ¢ and ¢ ; the
outputs are k,or k;. Hence, 20 fuzzy systems are
needed for ten joints of the robot. The fuzzy rules for %,
and k, are given in Tables I and II, respectively [16].

The construction of these fuzzy systems comprises of
singleton fuzzifier, Mamdani product inference engine,
and center average defuzzifier [16]. The output equation
can be written as

M n
—/ .
550 [T e )

flee)=——12 (10)

T em )
i=l

>

=1
where 7' is the center of the membership functions of
the consequent part of the fuzzy rules, w4 (e;) and
ug (é;) are the membership functions of the premise
part of the fuzzy rules, and M is the number of rules,
which is equal to 49 for these fuzzy systems. The
membership functions . (e;) and up (é;) are shown in
Fig. 6 and Fig. 7, respectively.

TABLE I. FUZZY RULES FOR k,

Z0 PS PM PB

NB S S S S S S S

NM B B S S S B B

NS B B B S B B B

PS B B B S B B B

PM B B S S S B B

PB S S S S S S S

PM PB

NB B B B B B B B
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NM S B B B B B S TABLE III. ROBOT PARAMETERS
NS S S B B B S S
e 70 S S S B S S S Link Parameters
Length M Inerti Location of COM
PS S S B B B S S (;;'g (kz)s ) (12;;.1’? (n‘:)c anono
pMM S B B B B B 8§ 1 0.332 223 0.03 0.189
pB B B B B B B B 2 0.302 5.8 0.03 0.236
3 0.486 1479 0.03 0.282
1 4 0.302 528 0.03 0.236
08 5 0.332 223 0.03 0.189

=4
=)

o
Y

membership of kp

The mass of the sole is zero and the length of the
robot’s waist in the frontal plane is equal to 0.1 m. Other
design parameters are as follows:

o
1)

T, =0.72,T,
b =1

n

=0.14, s =0.03, #=0.15, a, =10,

sp

o
©

Figs. 8 to 10 show the position of COM in the x, , y,
and z, directions, respectively.

=4
o

e
s

Assuming k, €[0,2300]and k, €[0,400], Figs. 11 and
12 show the changes of k, and &, for the right leg. Fig.
13 shows the angular positions of the right. As these
figure show, the proposed method makes the robot to
follow the desired values with a very high accuracy. Fig.
14 shows the angular velocities of the joints. The joint
i torques are shown in Fig. 15. The force are shown in
Fig. 7. Membership functions of ; Figs. 16 and 17. Fig. 18 shows ZMP position in the

presence of up to 65NM disturbance. Figs. 19 and 20
SIMULATION RESULT show ZMP position in the presence of uncertainty
The robot parameters for half of the robot are given parameters and measurement noise.

in Table III. The robot is symmetric and the other half Fig. 21 shows the motion of the robot in 3D using

has the same parameters. Spatial Software [17].

Degree of membership

o
N

=)
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Fig. 18. ZMP position in the presence of up to 65NM disturbance
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Fig. 19. ZMP position in the presence of uncertainty (30% of body mass)
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Fig. 20. ZMP position in the presence of measurement noise

(d

Fig. 21. Walking robot in 3D space

It should be noted that in most papers, walking of the
biped robots are considered only in the sagittal plane.
References [7] and [10] have controlled the biped robots
in 3D; however, they have considered an underactuated
robot. In some other references, authors employ reduce-
order control method, where the DOF of the robot has
been reduced for ease of controlling problem [12]. On
the other hand, in this manuscript, a ten-DOF biped



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics

April 12, 2015

robot has been considered and controlled with good
stability for dynamic walking.

Reference [18] has employed a continuous-time
optimal tracking controller to control a biped robot in
3D. As Fig. 22 shows, the robot moves very slowly,
which can be considered as a static walking.
Moreover, only the SSP has been considered. While in
the proposed method in this manuscript, each step
takes about 0.86 seconds, which signifies a fast and
dynamic motion of the robot.
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Simulationresult |7
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Fig. 22: The roll ankle joint [18]

CONCLUSION

Most papers in walking of biped robot have considered
only the sagittal plane, and if 3D walking is considered, the
control problem is underactuated. In this paper, a ten-DOF
fully actuated biped robot was considered and controlled
using fuzzy-PD controller. The robot was controlled with
god accuracy in both sagittal and frontal planes. The
trajectory was designed off-line using the inverted
pendulum model and polynomial functions.

For controlling, an adaptive fuzzy-PD control method is
used for stable walking of the robot in 3D. The gaits and the
desired path are generated using the ZMP stability criterion.
The proposed method is simple and at the same time is very
effective and robust against changes in the system
parameters. Moreover, the proposed method has good
robustness against measurement noises.
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Abstract—In this paper, trajectory generation of a micro
underwater robot in 3D space is discussed considering
obstacles and applying a new and optimum potential function.
For this purpose, an algorithm which is based on potential
function is proposed. Moreover, in order to pass a planned
trajectory, a feedback linearization controller is used to guide
the robot. By the use of this method, an underwater robot
would be able to predict and pass a safe trajectory by
awareness of its own and obstacle’s positions.

Dynamic equations of 6 DOFs for anunderwater
robotareproposedand trajectory optimization of a particle
considering obstacles in trying to attain a fixed or moving
target in 3D coordinate space is discussed. The common
potential functions are modified in order to solve the problems
of inertial and cycling trap and to increase chance of
implementation. Afterward, the proposed optimization method
is implemented on robot dynamic model. To this end, the
coordinate space is meshed withsmall cubes. Also, in order to
control the robot, feedback linearization controller is used. It
is shown that the robot would appropriately reach the planned
target by this method.

Keywords—Trajectory  generation, function
algorithm, feedback linearizing controller

potential

INTRODUCTION

Object tracking by robots is a common challenge in
robotics. Basically we demand robots to traverse an arbitrary
path or track a moving object. This usually occurs for mobile
robots, which move on the ground or in some cases for areal
robotic systems[1-3]. However, few studies have been
published for underwater chasing robots [4].
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In order to enhance maneuverability of underwater robots
in obstacle existence environment, it’s necessary to optimize
trajectory of these robots and increase the intelligence of them.
Different methods have been proposed for this matter.
Xiaoyong Tang et.al optimized trajectory of an UAV by
Particle Swarm Optimization [5]. Genetic Algorithm had been
used to find an optimized path in different references [6-
8].Ding Fu-guang et.al optimized trajectory of an UAV by
meshing the environment and applying GA algorithm [9].

PSO and GA normally are being used by the consideration
of robot as a point object and they’re not responsible for
dynamic and inertia of 3D submarines. Furthermore, online
trajectory generation for submarine by these methods is
impossible. Hence, in order to optimize the trajectory of a
submarine for this research, potential function has been
developed.

Khatib introduced an optimization method based on
potential function at 1980[10]. Since then, many papers have
been published by applying this method foroptimization[11-
15]. Among them, some researchers used this algorithm for
path planning. Hogan et.al controlled a robot and avoided
collision with obstacles using potential function [16]. Warren
[17] also optimized trajectory of a submarine in order to
determine a safe path to chase a specified target, considering
obstacles.

The aim of this paper is to find a safe path toward a
target in the presence of obstacles for an underwater robot in
3D environment. Cyclic movements are one of the challenging
parts of using potential functions. Hence, in this paper, the
novel potential function introduced. Moreover, most of the
articles don’t consider the inertia of submarine in the
optimization and we try to enter this term into our function.
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Simultaneous trajectory generation and control of submarine
in order to reach a specific object were also discussed.

This paper is divided into the following parts. First, the
dynamic model of submarine is explained. Next, trajectory
of submarine is optimized by a modified potential function.
Afterward, provided algorithm is implemented on a mass
point and a fully dynamical submarine.

SUBMARIN DYNAMIC MODELING

In order to express a submarine locomotion, many
theories have been provided. In this paper a specific case
introduced in [18] is being discussed:

There is a general equation to describe dynamic motion
of a submarine.

e £ 14
J'};j-lr!' - ':n-;j-'-.lr'.-llr' =Ty TT ( )

Where Mg is mass matrix, C(v) demonstrates coriolis
and centripetal terms and represent input vector included
forces and torques provided by submarine actuators. By
omitting external noises,  becomes as equation 2.

(15

T = Tedded mese T Tpetenclel demplng T Trestering feres )
Where

Togges mass = —Ha? — Ca0v (16)

Tpareniial damplag = — DLV )

Trestering foree = —807) e

In order to calculate hydrodynamic forces, the submarine
has been estimated as ellipsoid [18].

DEFINING  POTENTIAL  FUNCTION
OPTIMIZATION CONSIDERING OBSTACLES

FOR  TRAJECTORY

Obstacle collision is pretty common during submarine
movement in real 3D environment, doing a specific mission.
Submarine should be able to follow the target knowing its
own, target and obstacles position and go through the most
secure path.

In order to apply potential function, submarine
movement environment is divided to small cubes. It is
assumed that edge of each cube is about twice of submarine
length and robot is only in one cube at a time. Depending on
target and obstacles position, submarines adjacent cubes
selected for the next step and it makes a suitable path
towards the target. This algorithm is known as potential
function method and the potential of each point can be
calculated, using:

WY

(19)
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Where a, B are two positive and constant parameters and
#, and - are distance between middle of cubes and

targets and obstacles respectively. This equation shows that
each point in 3D space at the location of i, j and k in the x, y
and z directions respectively has the potential inverse to
distance of the point from targets and obstacles respectively.
So, proximity to obstacles and targets will decrease and
increase potential of point. a, f can be assigned arbitrary or
being calculated by optimization methods. However, these
values should be optimized for every problem and
experimental environment separately.

Potential function may cause some problems same as cyclic
motion of vehicle. Moreover, submarine tends to move in its
previous velocity direction. These two problems were the main
reason to represent a new definition for potential function in
this paper.

In order to avoid cyclic motion, the potential of points have
been reduced after the vehicle passes through them. In some
cases, according to target motion, it may be necessary to pass
again through some points. Hence, the potential of repeated
points have been reduced exponentially. The potential of
repetitive points are calculated as:

(20)

As it was expressed previously, submarine tends to move in
its own current velocity direction due to inertial concept.
Therefore, the definition of potential should change until we
can consider inertia in our decision for the next point. The
velocity projection is multiplied to an arbitrary number and
added to equation 7 and results in equation 8. Using this
method, the potential of neighbor points are calculated
according to velocity direction. Finally, the new potential
function is expressed as:

& & s -t -
———E———y{l -+ £ ws(

==ty

(21)

IMPLEMENTATION OF OPTIMIZATION ALGORITHM REGARDLESS
OF SUBMARINES DYNAMIC

At first, submarine’s dynamic have not been considered and it
is assumed as a physical point in 3D environment.

Static target

In first step, target is considered statically and
environment is assumed as a cube with 10-unit edge. In order
to show validity of algorithm, a specific situation is considered.
In this test, an obstacle has been considered between the robot
and target, with positions of (2,2,2) and (9,9,9) respectively.
The results for movement of submarine in this test have been
shown in figurel and 2.
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Fig. 1 The 3D trajectory of submarine optimization algorithm, regardless
of submarine dynamic considering an obstacle

Fig. 2 X-Z trajectory of submarine optimization algorithm, regardless of
submarine dynamic considering an obstacle

As it can be seen in figure 1, the robot reaches target in
closest path by orbiting the obstacle. The distance between
robot and obstacle depends on constant parameters, a and 3,
in potential function.

Dynamic target

In this step, we consider a more sophisticated problem in
which the target of robot is a moving subject and there are
several obstacles in the environment. In this situation, the
robot should both follow the target and avoid all obstacles.
Velocity of the underwater robot assumed to be more than
target to ensure that it can reach the moving object. The
results of this test is brought in figure 3-5.

AR

Fig. 3 The 3D trajectory of submarine optimization algorithm, regardless of
submarine dynamic considering 17 obstacles

Fig. 4 X-Z trajectory of submarine optimization algorithm, regardless of
submarine dynamic considering 17 obstacles
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Fig. 5 Y-Z trajectory of submarine optimization algorithm, regardless of
submarine dynamic considering 17 obstacles

As it can be seen from figures 3-5, despite existence of
several obstacles, the robot reached the target.

IMPLEMENTATION OF POTENTIAL FUNCTION ON ROBOT
DYNAMIC MODEL

In this section, the dynamic of the underwater robot
has been considered and a feedback linearization control has
been applied to robot in order to control the robot into the
desired path. The environment is meshed and robot tries to
reach the neighbor cube which has the higher potential
value, calculated by Equation 8.

The proficiency of algorithm is illustrated by an example. In
the example, 3 obstacles are inserted between the initial
position of robot and the target. Robot should find the
optimize path considering the obstacles. The result of
trajectory is illustrated in figure 6.

Fig. 6 The 3D trajectory of submarine optimization algorithm, considering
dynamic of submarine and existence of 3 obstacles

As it has been shown in figure 6, the robot greatly moved
among obstacles without any collision. However, at the end of
the path, robot has a minor distance into the target. It is
because of the inertia of the robot in this example and the
restrictions of control algorithm.

CONCLUSION

In this paper, trajectory generation of a micro underwater
robot in 3D coordinate space considering obstacleswas
discussed by presentinga new potential function. For this goal,
a potential function algorithm as an optimizer was proposed
and feedback linearizing controller was used to guide the robot
in order to pass a planned trajectory. Due to this method, an
underwater robot would be able to predict and pass a safe
trajectory by awareness of its own dynamic and obstacles’
positions. The results showed that the proposed algorithm is
able to make the robot reachthe sophisticated environment.
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Abstract—Impedance control is the most favorite control
of robot manipulators in contact with environment. The
dynamic behavior of robotic system in response to
environment is prescribed by an impedance model. This
model is certain and linear while the robot manipulator is
uncertain and nonlinear. So the major challenge is
overcoming uncertainty and nonlinearity to dominate the
desired impedance model. This paper presents a robust
impedance control strategy based on Variable Structure
Model Reaching Control (VSMRC) and Function
Approximation Techniques (FAT). FAT is based on Fourier
series approximation. In contrast to other existing methods,
the proposed approach includes two important properties.
Firstly, it is robust against fast changes in uncertainty due to
increased speed of convergence in Fourier series
approximation. Secondly, it does not require uncertainties
bound to be known. This scheme is simulated on an
industrial selective compliance assembly robot arm
(SCARA). Simulation results verify the theory and confirm
the effectiveness of presented technique.

Keywords—Robust impedance control, Variable structure
control, Fourier series expansion.

XI. INTRODUCTION

Considerable effort has been focused on the control of
manipulators during the execution of task in which the
manipulators is in contact with environment [1-3]. Such
tasks include assembly operation, parts deburring and
grinding. Impedance control is one of main interaction
control methods. Impedance model is realized by
regulating the relationship between force and position error
[4]. The advantage of impedance control is that it provides
a uniform framework for controlling the robot both in free
and contact spaces [5]. However, it is highly affected from
uncertainties. The control problem is to design a suitable
controller to overcome uncertainties and then to realize the
desired impedance model both free motion and contact
tasks.

Generally, there are two kinds of uncertainties in a
system to be controlled. One is caused by a lack of enough
information about robot structure and parameters, and the
other is due to uncertainty in environment dynamic. Robot
manipulator model is highly coupled nonlinear and
multivariable. A prefect model is required to control
system while in fact, it is not available. Therefore, a
nominal model can be used. Nevertheless, the model
inaccuracy degrades the system control performance. This
uncertainty should be compensated by robust control

Saeed Khorashadizadeh

Dept. Electrical and Robotic Engineering
Shahrood University of Technology
Shahrood, Iran
S Khorashadi@yahoo.com

techniques. Robust control is an effective approach in the
presence of broad bound of uncertainties [6-8].

On the other hand, uncertainty in the location of the
contact point and environment’s properties [9] lead to, the
system control experiences the impulse forces due to
sudden collision with environment or unexpected stiffness
in unknown environment [10]. As a result, the objective
becomes to propose a control law that overcomes to the
aforementioned uncertainties and then to govern desired
impedance model in contact with the environment.

Many valuable robust interaction control approaches
have been developed for control of robot manipulator [11-
15]. There are many problems in use of these controllers.
For example, the implementations of controllers are
difficult because there are acceleration terms or derivative
of force signals. Also depending to robot manipulator
model or requiring to know upper bound uncertainty and
assuming slow rate of change in systems parameters, are
others challenges in their control laws.

To overcome such difficulties, we propose model free
sliding mode controller (SMC) based on function
approximation techniques (FAT). In order to realize
impedance relation, a dynamic compensator is added to
SMC. Consequently this structure is named as Variable
structure model reaching control (VSMRC) has been
introduced [16]. Also, recently, regressor free control of
robot manipulators has been presented which is based on
FAT [17-18]. In this approach, the lumped uncertainty has
been estimated using Fourier series estimation or Legendre
polynomials. Suppose that we are interested in
approximating a nonlinear function which depends on
some state variables using neural networks or Fourier
series estimations. In comparison with observer-controller
structures [19-20], the proposed method is superior, since
there is no need to assume that the uncertainties vary
slowly.

In this paper, based on the Model Free Torque Control
Strategy (MFTCS), a robust impedance controller is
proposed. To overcome various uncertainties, a
hierarchical approach is adopted. Based on approximation
capabilities of Fourier series estimation, the uncertainty in
robot manipulator model is compensated and the dynamic
compensator in VSMRC overcomes the unknown
dynamics of the interaction between manipulator and
environment so that the desired impedance model is
dominated in the closed loop system. As well as, adaptive
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PI control term that approximates the switching control to
minimize chattering, is applied. This method not only
attenuates chattering but guarantees asymptotically
stability [21].

The rest of paper is organized as fellows: Section 2
describes the task-space model of system. Section 3
presents the proposed control law. Section 3 guarantees
system stability. Section 4 illustrates simulation results.
Section 5 concludes the paper.

XII. MODELLING

The dynamic model of a robot manipulator can be
described by n generalized coordinates representing the
degrees-of-freedoms of the 7 joints as [22]

D(@)i+C(q,9)g+G(@)+ ] (@F, +o=r, (1)

Where g e R" is the vector of joint positions, D (q)the
nxn matrix of manipulator inertia, C(q,4)j € R" the
vector of centrifugal and Coriolis torques, g(¢) € R" the

vector of gravitational torques, ¢e R™ vector denotes

external disturbance, 7 e R" the joint torque vector of
robot and Fe e R™ is the vector of contact forces. Also,

J(@)eR™ XM s the Jacobian matrix that relates the joint
space and task space in the form of

X =J(q) @

Where X € R™ is the end-effector position vector. In
order to obtain the relation between angular and linear

accelerations, we can write
X =J(q)+J(@)§ (3)

In other words,

=" @) (¥~ @) @)

Matrix J _l(q) exists if the working space is nonsingular

and m =n . If m #n the pseudo inverse of Jacobian is
used. Substituting (4) into (1) yields

D@ )X =D (q)7 7 (9)7 (q)d

N T )
+C(q,4)d +G (q)+J" (@F +p=1,
The system dynamics can be written as:
X =1, +Hg (6)

Then one can express H ¢ by subtracting (6) from (5) to
obtain:

Hg ==D(q) " @)X +D(q)7 " ()7 (¢)d -
~C(.4)d -G (q)-JT (@)F, —p+x

In fact, H is referred to as the uncertainty. It includes
disturbance and manipulator’s model uncertainty.

According to [23], the desired impedance model in the
position subspace is given by

Md(X'—)&'d)+Cd(x' —x'd)+Kd(x —xd):—Fe 8)

Where F, is expressed in (1) and the m xm diagonal

matrices M d’ C d and K g are the inertia, damping, and

stiffness of the desired impedance and x d is the desired
trajectory in the task-space.

Impedance control can be used for position control or force
control; however, it is preferred for regulating the
interaction between the system and environment.

Determining matrices M d° C d and K d- this purpose is
realized.
XIII. CONTROL LAW

A. Variable structure model reaching control

Objective of impedance control (8) the following
general desired impedance form, is defined:

(10)

Robust impedance control requires designing a controller
to realize the objective impedance (9) under various
uncertainties. The first stage is defining the dynamic
compensator:

z=Az+K, e+K, e+K_.F,

e=(x—-x,)

)

In which z eR" is the state vector of dynamic
AeR""is definite
constant matrix, K, , K., K, € R"" are matrices that

compensator, a semi-negative

vz ?

determines the structure of the sliding surface to realize the
impedance model. Now, consider the following sliding
surface.

S.(eé;,z)=e+Fe+Fz

(12)

When the system dynamics reaches the sliding surface and
stays on it, we have S, =0, S, =0 . As aresults,

{z =—F'(¢ +Fe) o)
7 =—F, (¢ +F¢)
Substitution of (13) into (11) yields
EH(E~BAF +FBK e +(BK . ~FBAF Re=-FK.F,  (14)
Using (19) and (14), it follows that

K,. :Fz_l(Md_lCd - +F2AF2_1)

K, =F'(M;'K, +F,AF;'F) (15)

K_/‘z :F271M51

Consequently, when the sliding surface (12) converges to
zero, the objective impedance (9) will be realized.
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B. The proposed control law

In this study, the control law is proposed based on TCS
and the design procedure is free from manipulator
dynamics. The sliding surface (12) can be rewritten as

Sy =X —X,

(16)

Where x is the linear velocity in task space and X, is

defined as
Xy =Xy —Fe—-Fyz (17)
Differentiating (16) with respect to time obtains
S, =¥ —¥, (18)
Substituting X form (6) into (18) yields
S, =1, +Tg —X,, (19)
Consider the following control law
7, =—H, +%, - pS, (20)

In which peR™"is diagonal positive definite matrix

with diagonal elements p;; . Whenever there is a deviation

from the sliding surface, this matrix returns the system
states to the sliding surface. In (20), since the nonlinear

functions /  are not available, the following certainty
equivalent control is proposed:

] =_ﬁs +x.eq _pSs (21)

Applying the control law (21), into (19) obtains the close
loop system:

S, +pS, =H,—H, (22)

So long as H is accurate estimate of 7 , error estimate
converges to zero. This leads

S, +pS, 00 (23)

Obtained equation (23) is sufficient condition for to reach
and to remain states of system on sliding surface. Therefor
desired impedance model (9) is realized based on (23).

According to (23), the goal control system is that

S, converges to zero. This results to consider S as the
input of approximation system (FAT).

C. Uncertainty estimation using Fourier series expansion

Uncertainty estimators are not confined to fuzzy
systems and neural networks. It is well known that Fourier
series can approximate periodic functions. A non-periodic
function defined in limited time interval is assumed to be
repeated; thereby it can be expanded by a Fourier series.

According to Kreyszig [24], if the function H () defined

on [t,,t,] satisfies the Dirichlet's conditions, then it can be
expressed as

H (t)=a,+ Zak cos(w,t)+b, sin(w,t)
k=1

24)

a =Tl P H. @ 25)
2 t 2k7Z'

a = j “H  (£)cos(= —t)dr (26)
2 t . 2kﬂ'

b, :FL H, (0)sin(= =1)di 27)

are the Fourier series coefficients
and T =t, —t, is the fundamental period of H () and
@, =2k /T . The truncation error is defined as

&y (O)=H,(©)-H, ()

Wherea,, a, and b,

(28)

m

Where H, (t)=a, +Zak cos(w,t)+b, sin(w,t) is
k=1

the Fourier series approximation. Note that / (f) can

be written as

H (t)=P" &) (29)
In which P and &(¢) are given by
P=[a, a b, a, b,T (30)

§(t)=[1 cos(at) sin(ajt) ... cos(w,t) sin(a)mt)]T 31
Suppose that H (t) 1<i <n is the i " elements of

H (¢).Thus, H_(t) is of the form

H, (t)=Py " &) +ey () (32)

Where ¢, (t) is the truncation errors of Fourier series.

Also, H ,, () can be represented by

H, ©)=Fy ") (33)
Substituting (32) and (33) in (22) yields
S:i = PZSI, S+ €, LSy (34)

In whichP, =P, —P, .Itis assumed that &, is

bounded by an unknown constant [, as ‘SH ‘<E ;

According to [25], the robustifying control term z, can be

proposed as

T

C

: =E, sgn(S,,) (35)

However, the sign function makes the control law
discontinuous and may cause the chattering
phenomenon. To attenuate chattering problem, the

following procedure is used to approximate the
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discontinuous control (35). If |S;|<¢; (& is the

thickness of the boundary layer) a PI structure [25]
o, (S log)=kySg +ky _rSsidT =a;" y; (Sy) (36)
i 0

T
t
Withe, =[k, k] and u/i(Ssi){Ssi J.Ssidr} is
0

used, and when [S;|>5; , 7,

¢

in (35) is used. In this

paper, it is assumed that the vector «; is unknown

and should be estimated online. Consequently, final

control law is proposed as follows:

T, =17, +7, (37)

Thus
:ﬁHjirg(t)_Tc +x.eq _pSS (38)

XIV. STABILITY ANALYSIS

The stability of each joint variables should be
guaranteed by Lyapunov direct method. Therefore,
consider the following positive definite function

- Z{ o — PH Py, NLE +ide} (39)
73 74

In which £, =E; —E; and & =a] - ¢, is the

. and «;

optimal value of &; defined as
o =argming|sup_ | (S,16) - Esen(S)l]  40)

The time derivative of (39) is given by
1 ~r = 1 ~ A 1 7:
V Z si Sl (_PH PH +_EiEi +_aiTai) (41)
e TH T Va

Substituting (34) in (41) and adding and subtracting
uy; (S |a;) to the right hand side of (41) yields

V= %[S Py vt~ G|, |6 65 ),
l Ly p i 0{ (42)
¥ ~
{71 a,J? LE+—
We can simplify 7, (S,; |&;)~7. (S |&) as
e, Oy o), Sy | D=0 v; )6 v S) w

=@ =G) S5~ i Sy)
Thus, (42) can be expressed as

V'=.§1[S (B e+, +d v S0-7, Sy 10D -pSy)
1=

—(iﬁZISH +lEl'EAl' +i5g‘%)]
n "t n 74
Consider the following adaptation laws
lSHA_ =71Ssi& (45)
di = 74SsiWi(Ssi) (46)
E; =p|S,] (47)

Using the fact that 7. (S; | ;) lies in the first and third
i

quadrants [25], so 7. (S, |a/)=0 for S;=0 and
i

Syt (Syle)=0  for all S, #0.  Therefore,

sz c (SSI |O!) |S

can be simplified to

n
V :ESS[ 81"4‘, _El’ ‘SSI‘ _SS[ Pi
i=l

and using (45-47), (44)

Sl|

e ‘)m,. Is,[1<0  (48)

n
S A< IS4
i=l

Which implies that ¥ is negative-semi definite and S ; ,

PHS, , & and E, are bounded. As a result, using
1

Barbalat’s lemma [25], the control signal defined in (38) is

bounded. Thus, all the closed loop signals are bounded.

When the system states converge to S,; =0 and remain on

it, the desired impedance is realized in the interaction
between manipulator and environment.

XV. SIMULATION RESULTS

The proposed robust impedance control law (38) is
simulated on the arm of an SCARA robot. The manipulator
symbolic representation, its dynamical and kinematical
parameters are described in [10]. After contact, it is
assumed that the manipulator should track a desired
impedance model trajectory along the direction for which
its movement is constrained. Simultaneously, the
manipulator should track desired position trajectories along
other directions. In the simulations, the arm which consists
of the first three joints is used to perform the proposed
impedance control and the fourth joint is locked. The

. i, . u
desired position trajectory x, = [x i Xa2 X 43]
illustrated in Fig. 1 which is defined as

0.85—0.15cos(7t/3) 0<t <3

Xy =% gy = (49)
1 3<1<6
~0.15+0.15cos(t/3) 0<t<3

X, = (50)
-0.3 3<1<6

The contact position vector is set to x, = [1 1 —0.29]T .
Suppose that the environment model is defined as

F., =150000(x, — x,,) (1)
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In order to study the controller robustness against external
disturbances, a step disturbance with the 20% maximum
amplitude of control torque has been applied to the first
link at ¢t =1sec, the second link at ¢t =2sec and the

third link at ¢ =3 sec has been applied directly. The
objective impedance model has been considered as
M, =10I, , B, =500/, and K, =10000/,. Also, the
matrices F, and F, in (12) have been set to F, =0.05/,
and F, =0.01/,. Other controller parameters are as
follows

A =-3001, p =3001, (52)

The nonlinear vector functions H ()

approximated using (33) Fourier series expansions,
respectively. The vector £(¢) is given by

in (6) are

&)1 cosegr) sinegr) .. os@) sin@)]  (53)
Where @, =7 /3 and @, =4x /3. The initial condition

of all Fourier coefficients PAH have been set to zero. It

i

has been assumed that the environment characteristics and
the initial distance between manipulator and environment
are unknown. The position tracking errors are illustrated in
Fig. 2. As shown in this figure, the tracking performances
along the x and y coordinates are excellent. Before the
interaction, the position tracking error along the z axis is
also acceptable. After the interaction, since the manipulator
cannot penetrate the environment, position tracking error
cannot converge to zero.

1r . .
0.8/ |

Xd1 (m)

Xd2 (m)
o
» o

(o] 1 2 3 4 5 6
0 T
€
0.2 i
2
0.4 . . . . .
(o] 1 2 3 4 5 6

Time (sec)

Fig. 22 The desired position trajectories
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o

error X {m)
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o
-

L L 1 1 L L L L
] 05 1 15 2 25 3 35 4 4.5 5

% 107

o 05 1 15 2 25 3 35 4 4.5 5

timelsec)

error Z (m)

Fig. 23 Position tracking errors

After the interaction, the desired impedance model has
been realized without any large interaction force. The final
contact force for the aforementioned parameters is —93.75
Nm, which verifies the simulation result in Fig. 3.
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Fig. 24 Contact force

Torques as control efforts are plotted in Fig. 4. According
to this figure, the control efforts are smooth, within the
permitted range and without any chattering. Moreover, the
control system is robust against the applied external
disturbance which is large in comparison with the
amplitude of control signal.
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Fig. 25 Control efforts

The sliding surfaces are plotted in Fig. 5. As shown in this
figure, after the interaction the third sliding surface
considerably deviates from zero and then converges to zero
rapidly.
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Fig. 26 Sliding surfaces
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XVI. CONCLUSION

In this paper, robust impedance control of robot
manipulators has been presented based on the MFTCS for
the first time. Uncertainties such as manipulator models
and external disturbances have been estimated using
Fourier series expansion. The truncation errors of Fourier
series have been also compensated. The design procedure
is free from manipulator models. To copes with the
unknown dynamics of the interaction between manipulator
and environment, a variable structure model reaching
control (VSMRC) has been designed. Since the design
procedure is free from manipulator model due to applying
MFTCS, it is simpler and less computational in
comparison with previous related works. Simulation results
verify that the control system shows acceptable robustness
against large external disturbances. In addition, it can
maintain the desired force when the robot is in contact with
the environment by regulating of impedance model
parameters.
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Abstract — This paper introduces a Miniature Aerial Vehicle
(MAYV) which is Autonomous in outdoor environment. Main
contributions of this research are both new trajectory tracking
and attitude control scheme in real flight mode. This MAYV is
based on a traditional quadrotor. For stabilization of the
quadrotor’s attitude a PID controller is utilized. The proposed
controller is designed such that to be able to attenuate effect of
external wind disturbance and guarantee stability in this
condition. For autonomous trajectory tracking, it is necessary to
have a fixed altitude. Also an ARM cortex M4 microcontroller
performs processing activities. Then, a trajectory is determined
by a GPS in Mission Planner software for the outdoor
environment. For real time communication between robot and
ground station, HMTR module is used. Flight data is saved in
Memory SD card and converts to MATLAB code for real time
implementation. Experimental results of the proposed controller
on the Autonomous Quadrotor in real conditions show the
effectiveness of our approach.

Keywords— Attitude Control, Quadrotor,
Autonomous, PID Controller, Trajectory tracking,
Stabilization

III. INTRODUCTION

Recently, Quadrotor is a popular robotic system
which has become prevalent by researchers, [1-4]. Also
unmanned aerial vehicles (UAVs) which quadrotor is
one kind of them, have shown a growing interest thanks
to the recent technological projections, especially those
related to instrumentation, [5]. this vehicles (UAVs) are
increasingly gaining popularity due to the considerable
technological advances in the fields of microelectronics
and MEMS (Micro Electro mechanical systems ),
providing a huge range of high-performance
microcontrollers and sensors of several types, elements
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Ahmad Fakharian
Faculty of Electrical, Biomedical and Mechatronic Engineering,
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which are essential for an UAV, [6]. Implication of
Quadrotor has been introduced during the time. It is
reported in 1907 that Quadrotor (Gyroplane No.1) which
was manufactured by Breguet-Richet, is reported to have
lifted into the fight, [7]. The control of a quadrotor is
accomplished by independently regulating the speed of
each rotor. This Design of system is particularly suitable
for small UAVs, because it reduces of mechanical
convolution of rotor and simplifies the control algorithms
[8]. In fact, these Unmanned Aerial Vehicles (UAVs) are
commonly used for

military and civilian purposes such as traffic monitoring,
patrolling for forest fires, surveillance, landslide and
rescue, in which the pilot risks are often high. In
addition, military applications currently represent the
lion's part of the unmanned flying vehicle market, and
this industrial sector is strongly growing. Also, UAVs
can be also used in indoor and outdoor purposes.
Moreover, they can be used to work in hazardous
environments which represent a thread for humans, [9].
For these reasons, UAVs are recently aroused a great
interest in the research and academic societies, and they
are used as a platform for many applications such as pure
The Quadrotor can be also
considered as a standard platform for the research on

academic researches.

aerial robotics, such as implementations for complex and
nonlinear controllers, [9-12], studies on the hardware and
software architecture, [13-14], and simultaneous
localization and mapping, [15-16].



e oboCup IranOpen International Symposium and the joint conference o obotics
The 7™ RoboCup IranOpen I 1 Symp d the 5" j , "Al & Rob
April 12, 2015

A quadrotor flying robot consists of four rotors which
must be appropriately controlled to maintain the flight
stability and the attitude control in three axes. These
rotors are fixed on the edges of a cross-shaped structure,
[6]. A stable flight is required for the safety and the
better flying experience and also, to achieve a successful
mission, [17]. The Quadrotor is considered as an under-
actuated system with six degrees of freedom (three
translational and three rotational) and only four
independent inputs (rotor speeds) in which the states are
highly coupled. Since the Quadrotor has the nonlinear
dynamics, so many controllers have been designed to
deal with its attitude and position control, [18]. However,
the investigation of open source and commercial robots
reveal that Proportional Integral Derivative (PID)
controllers are used in more than 90 percent of cases. For
this reason, the attitude stabilization controllers are
placed on a conventional PID controller. As carried out
from a four-rotorcraft, [19], a PID controller and a Linear
Quadratic Regulator (LQR) are implemented and proved
to control the system attitude, [20-22]. However, these
designed controllers rely on a linearized dynamic model
of the aerial vehicle. The controllers effectively attain the
system stability if the vehicle is in a configuration near to
the point which the model is linearized about it.
However, the performance deteriorates dramatically if
the vehicle state significantly differs from this desired
equilibrium.  Accordingly, these controllers have
difficulties in handling perturbations, and seem unlikely
to allow for trajectory tracking, [23]. Also, Figure (1)
shows the quadrotor that is made in this paper.

Figure 1: Considered quadrotor

In this paper, the development of an autonomous
aerial vehicle is focused based on the designed Quadrotor
with the capability of reconnaissance and mapping to
achieve targets. To this end, the configuration of the
overall platform is studied. Next, dynamics modelling of
the Quadrotor is described. Then, an attitude control
algorithm and its needed hardware are explained.
Subsequently, implementation of the designed controller
on a real autonomous rotorcraft is expressed. Finally, the
obtained results are shown using MATLAB/Simulink.

IV. DYNAMICS MODELLING OF QUADROTOR

The first stage before the controller development of a
system is dynamics modelling of the system, [16]. The
Quadrotor concept is basically the same with the very
well-known concept of Quadrotor, [17]. All of the four
propellers are immediately assembled to the motor
without any gear set. Also, the propeller axes of rotation
are separately fixed. Moreover, Figure (2) shows flight
theory of Quadrotor.

Rotor 4

Roter 3

Figure 2: Flight theory of Quadrotor
According to this Figure, speed of forward direction

propellers are @ and ,, speed of right direction
propellers are ®, and o,, speed of backward direction
propellers are w,and @,, and speed of left direction
propellers are o,and ,. In fact, Quadrotor is a 6-DOFs

rigid body and its throttle is provided by four brushless
DC motors. So, the Quadrotor is a four-input control
system. Considering the gyroscope effect, gravitational

vector and Quadrotor movement vector can be
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calculated. So, the dynamic equations of the Quadrotor
system can be extended.

Also, the kinematics of Quadrotor can be described as:

0, =RO, (1)

Q =TQ, (2)

E

where, ® and @  are the position vector and the

angular velocity vector in the inertial frame, ® and Q,

are the position vector and the angular velocity vector in
the body-fixed frame respectively, and R is the rotation
matrix and T 1is the transfer matrix. Moreover, the
rotation matrix and the transfer matrix can be stated as:

cOcy  spsBcy —cosy  sesy + cpsOey
R=| cOsy s@sOsy—cocy cosOsy —spcy 3)
-s0 soch coch
1 singptan® cosptan®
T=|0 cos —sin @ 4)
0 singcosO cospcosO
Where ¢ and s denote Cos and Sin functions

respectively and g denotes the gravity constant. Base on the

Newton-Euler equations, the dynamic equations of motion of
the Quadrotor can be described as:

m(V, +o,xvy)=F, 5)
Io, +o, +to,x(Ioy)=1,

Since the distribution of the mass of the Quadrotor is
symmetrical so, the inertia matrix is diagonal. Consequently,
this can lead to the simplified dynamic model. The model is
defined for the hover flight, so in this case, o, can be replaced
withe,. Considering the wind disturbance on the height
axesD,, the translational and rotational dynamics of Quadrotor
can be concluded as:

I-I ). I . U
o= 212 |0y+2Q0pn +—2
o= 5 o+ 0,
0= L1 \i/(i)-Jﬂ(poar+&

Iy Iy Iy

I -I . U 6)
o N P Y
e 5 o
.1
X=—(cosBey+syse)U,

m
.1
y=—(cos0sy-spcy)U,

m
2=i(090(p)U1-g+DZ

m

Where J_, is the total rotational moment of inertia around
the propeller axis and o, is the total speed or propeller’s

residual speed which is implemented as:
®,=-0 +t0,-0,t0, (7)

In addition, system inputs components or U,,U,,U,,U,

are defined as:

U=bo/+o+0;+0;)
U,=bl(-0; +0;) ®)
U,=bl(- 0] +03)

U, =d(oi+o;-ol+to])

Where, o, is the angular velocity of the propeller, b is

the thrust factor, and d is the drag factor. Each rotors are
located at the end of bars, where 1 is the length from the
centre to the rotor, [19]. Also, sensor measurement noise
is considered as disturbances in the rotational mode.
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Figure 3: Assumed control algorithm architecture

V. CONTROLLER DESIGN

In this section, the controller design procedure is
explained which consists an inner controller loop and an
outer controller loop. Also, the hardware configuration
for implementation the designed controller on the
Quadrotor is studied in the next section. In fact, a PID
controller is a well-known controller that can be used in
different applications. Whenever the Quadrotor is not
stable, the PID controller will determine how much to
increase or decrease the motor speed and it can be stable
again, [18]. The designed Quadrotor will also use a PID
control system, which will be tuned to determine the
optimum response and settling time. This classical PID
controller is explained to stabilize the Quadrotor. As
stated before, Quadrotor is an under-actuated system. So,
it should be controlled by a closed-loop controller to
ensure its stabilization and to be able to autonomously
follow a given trajectory.

A. Inner Control Loop

There are two types of movements that occur on the
Quadrotor which have six DOFs; three DOFs for the
rotational and three DOFs for the translation movement.
As seen from Eq. (6), the rotational motion does not
depend on the translational motion while the opposite is
not true. Thus, double-loop control architecture is
designed for the flying robot's attitude control, as shown
in Figure (3). The inner control loop is designed for the
stability and tracking of the desired Euler angles, while
the outer control loop is consider for regulating the robot
altitude.

The inner control loop is an attitude control which controls
Euler angles of the system. Also, the outer control loop is
responsible for slow dynamics. To stabilize roll, pitch and yaw
angle, attitude control contains of three separate PID controllers
to induce system states to the rest at the equilibrium point

which it can be selected as the origin. So, the control law can be
described as:

U=k, e(0) K, [e(s)der i, S0 ©)

Where K, .K, K dthe controller gains and the error

signal are is the difference of the desired value of attitude
angles and the measured output by sensors in each time step as:

e, () =0,(t)-0(t)
e, (1) =0, (t)-0(t)
e, (1) =w,(t)-w(t)

So, the PID controller attempts to reduce the error until the
stabilized attitude is achieved as:

(10)

-
~—

t
d
U =K, ¢, (1)+K, [e, (1) di+K,, %

pe "o o dt
‘ de, (t (11)
U, =K, ¢, (1) +K,, [e, (1) di+K,, :n( )
0
‘ e (t
U, =K, e, (t)+K, Iew(t) dt+K,, (Wit( )
0

B. Outer Control Loop

The altitude control is designed as an outer loop to hold the
Quadrotor in a hover mode flight and keep the height in a
desired position of the z axis. Since its lower priority from the
attitude control, height control is designed as a second control
loop with a simple PD control law as:

T, =k, (z,-z)+k,(2z,-z)-mg
T=-T,/cpch
Then, the altitude control law can be presented as:

(12)

1

U, =-
copch

(13)

(k, (z,z) +k, (2,2)-mg)

VI. CONTROLLER HARDWARE CONFIGURATION

A classical PID controller is implemented on the
Quadrotor which its flight data is monitored in Mission
Planner Software as online. Since the flight data is saved
in micro SD memory which is on Microprocessor, the
saved data is converted to MATLAB data file and then
this data are exported to MATLAB/SIMULINK after end
of flight. In order to process data, ARM Cortex M4
processor is used which is the main controller. Also,
there is a MPU6000 Gyro-Accel sensor that combines a
3-axis gyroscope and a 3-axis accelerometer on the same
silicon die together. This gyro-Accel sensor has an
onboard Digital Motion Processor (DMP) with capability
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for processing complex 9-axis motion fusion algorithms.
Moreover, there is a HMCS5883L compass on the
Quadrotor to determine the direction changing. Also, RX
R710 DSM2 receiver with 7 channel and 2.4 GH, four
Pentium 30A ESC, Four BDC motors, and 11.1 Volt
2200 mAh Battery are placed on the considered
Quadrotor. Also the controller input of the Quadrotor is
RX R710 DSM2 receiver. Designed Electronic board is
shown in Figure (4).

Figure 4: Designed electronic board

In addition, RX R710 DSM2 receiver will generate a
PWM signal and the MPU6000 sensor will generate data
as the digital input. These data enter to the slave
processor and the slave processor will give all the data to
the master processor via a universal asynchronous
transfer from the TX of slave processor to the RX mast
processor. When the Quadrotor will fly to the desired
area, the Gyro-Accel will automatically stabilize the
Quadrotor since the PWM output affects the stabilization
of the Quadrotor system.

For the attitude control, all data is taken from the
IMU, with 100 HZ frequency. Also, in order to
effectually drive four Brushless Direct Current (BDC)
motors, i2¢ speed controllers are selected. Also, a HMTR
module with 414 MHZ wireless data is used to
communicate between the grounds stations and the
flaying robot. Figure (5) is shown the stated hardware
architecture of the flight control system.

HMTR
Ground
station

’ ESC
A«—@:’M |

Micro
’ sDeard | sl
€
— — ! I Pressur UsB
cortex M« [l esensor serial Y&

\

Wireless

Battery 11.1V
2200 MA

RCTX
Figure 5: Controller hardware architecture

VII. OBTAINED RESULTS AND DISCUSSIONS

The implementation results of the designed controller on the
considered Quadrotor are obtained in this section. This robot is
manufactured by Mechatronics Research Lab (MRL) team in
Qazvin Islamic Azad University. Also, the proposed control
strategy is initially tested by simulations in MATLAB and then
it is implemented on the real system.

1
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Figure 6: Attitude angles of Quadrotor for PID controller

As shown in Figure (6), the designed PID controller
increases the regulation speed. It should be noted that the
implemented controller tries to eliminate the measurement
noise and disturbances. As a result of the implementation, input
and output of attitude angles of the Quadrotor or the roll and
pitch angles are similar (Figure (7)).
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B e shown in Figure (9), the stabilization and attitude control

I v sngte ctpse

are carried out with the control law as possible without
loss of the manoeuvrability.
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Figure 7: Input and Output of Attitude angles for PID controller

The situation of yaw angle changes slower due to the
angular input which stimulates it smoother.

Moreover, the implemented altitude controller regulates the
Quadrotor position to its desired set-point in 2 seconds as oY
shown in Figure (8). By rejecting the wind disturbance force in
the z axis, the PID controller performs its best manoeuvre for
the considered Quadrotor.

30 T T T

Figure 9: Control effort of Quadrotor for PID controller
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Figure 8: Altitude regulation of Quadrotor for PID controller

As shown in Figure (8), the system maintains the
height in 25 meters although the noise exists on the
sensors. Also for implementation of trajectory tracking in
this paper, the robot has over 350 square meters. As
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Figure 10: Trajectory tracking of Quadrotor for PID controller

VIII. CONCLUSION

In this paper, an autonomous quadrotor was introduced
to work in the outdoor environments. Also, an attitude
controller was proposed and implemented in real flight mode
and relatively moderate weather conditions. To attain a
successful manoeuvre, a PID controller was utilized to stabilize
attitude and resist against external wind disturbance. Also for
altitude control, a PD controller was used. As shown, it was
necessary to accurately regulate the controller coefficients
which are dependent to dynamic parameters of the aerial robot.
Finally, it was shown that this controller was properly
performed the desired manoeuvre for the designed Quadrotor.
Effectiveness of proposed control scheme was justified by
implementation of this controller in a real quadrotor and
performing a typical trajectory tracking test.
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Abstract—Effective dynamics modeling and control of
continuum robots have been a challenge for almost a couple of
decades. The most important modeling challenge is to provide a
model with good precision, which can be solved numerically in a
reasonable time. Specifically, it is valuable if an accurate model
can be solved in real-time, in order to be used in real-time control
implementations. In this paper, using the proposed dynamics
model of continuum robots, a model based control is introduced
and simulated. This model is based on the assumption of circular
arcs (a series of constant-curvature elements). This model is fast
and accurate, and can be solved in real-time. Then, the model
base controller is designed and simulated for some trajectory
tracking tasks. The controller response is analyzed in two cases,
one with consideration of model uncertainties, and the other
without uncertainties. The results without uncertainties are
appropriate, as discussed in the simulation results. However, the
controller should be modified to provide better results when
uncertainties are applied.

Keywords: continuum robot, model based control, dynamics
modeling, circulararcs.

INTRODUCTION

In contrast to typical robots, a continuum robot motion is
based on body deformation, as depicted in Fig.14. Typically,
the body is made of a flexible backbone, which may be bent,
twisted and compressed, when external or actuation forces are
applied. Dynamics modeling of continuum robots has been a
challenge in recent years. In our previous works, we developed
statics, [1, 2], and dynamics model, [3-5], for unextensible
continuum robots. Using the statics model, some control
algorithms were presented, [6, 7], and some approaches were
introduced to achieve better accuracy and faster numerical
calculations, [8, 9]. However, since continuum robots are
deformable objects, it is vital to consider their dynamics in the
controller designs, specifically, when the robot motion is not
slow, [3].

In [10-12], position control were performed using potential
functions. In [13], a closed form control is proposed, based on
the electromagnetic sensors. In [14], neural network was used
for robot modeling in the control loop. In [15, 16] some PID
controllers were proposed for a trunk robot. In [17], two
nonlinear controller were introduced. In [18], robot vibration
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modes were controlled using a PD controller. Motor control of
a continuum robot is introduced in [19].

This paper presents dynamics model and control of planar
continuum robots, using circular arcs, as a finite element
method. The robot can have any number of actuation torques,
and any number of external forces can be applied to the
backbone. Then, a model base control method is proposed for
robot tip position and trajectory tracking, to show the
application of the proposed model in control applications.
Using this model based controller, the robot can be controlled
even in high speeds. The outline of this paper is as follows: in
section II, the robot dynamics model is introduced, using the
assumption of circular arcs.Then, in section III, the model-
based control law is proposed and simulated. Once, the control
simulations are presented without model uncertainties, and
ones with model uncertainties. The conclusions and future
works are discussed in section I'V.

DyNAMICS MODEL USING CIRCULAR ARCS

In this section, the dynamics model of a continuum robot,
using the assumption of circular arcs (constant curvature
elements) is derived, [4, 5]. To this end, a continuum robot with
a metallic backbone is considered as a series of n circular arcs,
as depicted inFig.15. Therefore, the robot is considered to be
inextensible, with a constant length L. As depicted in the figure,
the X;Y; coordinate is placed at the base of the itharc, while the
Y-axis is tangent to the arc.

Base of

/ Backbone

Fig.14.A tendon driven continuum robotic arm.
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Fig.15. Kinematics of a continuum robot considered as n

As depicted in Fig.15, the base and the tip of i" elements
are the /™ and i+1™ nodes. The length, position and orientation
at the i node are represented by L, r; and ¢;, respectively. The
position of the i+1™ node relative to the i node, is represented
by rg, which is defined as

=1, T (1)

The base coordinate of the /™ arc is represented by X.Y,,
which is considered as the local frame of the i™ element; the
vectors represented on these local coordinates are specified by
the super script /. From the geometry of a circular arc, the
position of the i+1"™ node in the local X,Y; coordinate is r;.;,
determined as
In order to transform a vector from local coordinate to the main
frame, the rotation matrix R is defined as

R _{cos((p,) —sin((p,)} '

“|sin(p)  cos(e) @)

i

Furthermore, the arc’s mass center position vector is
represented by rg;, determined as

l_i Sin(gf)_‘gi
' =5 1-coxg) | (4)

As depicted inFig.15, the element local basis X;Y; can move
relative to the main basis XY, with the linear velocity v;, and
the angular velocity ®;, as

A

Vi:[xi yi]Ta mi:¢ik’ 4)

wherek [ represents the unit vector along z-axis. The absolute
velocity (relative to XY) of each point of arc is determined by

v(s) =V, + @, xr(s)+r(s). 6)

Likewise, the angular velocity at each point is represented by
o(s), for which we have

0, =0+ ‘91 . ™

The four degrees of freedom considered for the i circular
arc in this paper are chosen to be its bending angle ¢, the base
position x; and y;, and the base angle ¢;. Thus, the general
coordinates of the i arc are represented by qg..;, as

x vl (8)

The kinetic energy of the /™ arc is represented by Ty,
Consider the robot as a flexible rod, for which p is the rod
density, A is the cross sectional area and /. is the second
moment of cross sectional area. Then, the kinetic energy Ty is

qarc,i = [¢1 01

T:zrc,i = l(:1Z;rc,[Mr/zrc,iqarc,i > (9)
2
r, :ﬁ[cos(&)—l sin(ﬁ.)]T. )
i+ 0 1 1

i

where, the arc inertia matrixM,,..; is determined as

0o wx wy
m m m m
w0 06 Ox Oy
Marc S = 0 4 ( 1 0)
m(ux mﬁx mxx
m,, —my, 0 My |,

where for an arc with mass M, length L, bending angle 6,
density p, moment of inertia /- and cross section area A, we
have

_2ML(0—sin(0))

m,, 7 +pLI,.,
_ in(@
= 2| L=6050) sm(3)+%+ )
o o0 20° 2AL

ML ML, .
My =g (05O =1) m,, == (sin(0)-0),
1 cos(0)+1 2sin(0) I,

i (an
Mo = 2ML | g ¢ 6Al )’

M

m,, :8—3L(6’(c05(6’)+1)—2sin(¢9)),
m,, =%(ﬁsin(9)—2cos(9)—2),

m_ =M, m, =M,

As mentioned before, the i frame moves by v; and ®;. The
position vectors, velocities and Jacobian matrices of all
elements and nodes can be determined recursively, since the
robot is considered as a series of circular elements. For the
linear velocity, we have

i
— !
V., =V, + Z(rfjﬁj +O;x rfj) .
j=1

(12)

Likewise, the angular velocity at each node is

VY'Y



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

O =@, =0+.0,. (13)

J=1

The general coordinates of then+3-degree-of-freedom robot
are represented byq, as

q:[(ol 01 02 ‘9n X yl]T' (14)

To derive Jacobian matrices of the robot, the velocities must be
resolved as linear functions of q[J.For angular velocities, J; is
defined as

©-3.4,
J,= |:11xi 01*(”+3‘i):|

wherel and 0 are matrices whose all elements are respectively
one and zero. Likewise, for linear velocities, we have

(15)

b
1x(n+3)

X i1 X .
V., =V, +Ti] ¢1 + Z(l‘f; + i j+1 )9/ , (16)
=l
in which, the cross-product terms are represented by
* ~ Y= Vi
l‘i,j:kx(l}_rj):{ ' }, (17)
X, =X,
Then, J,; is defined as
Vi = [JVi]Zx(rr+3) q ’
. O -~ 010
i=l=1J, = R
0 - 001 2x(n4+3) (18)
i>l = J,=
{x - x - x 0 1 0}
rip I +Ti2 I, trii (N .
0 0 1 2x(n+3)
For each element,q [, ; can be resolved as
qarc,i = Jarc,iq > (19)
where
1 T r "
[Jarc,i :|4><(n+3) - [Ja)i Jl?i Jvi:l . (20)
Furthermore, for the first and the last nodes, we have
O _ I
Vi I @21)

Do =1, 3, =

base n+l®

Also, the speed of the i"elements mass centers, vg, is
determined as

Tn+l
“ " Robot Tip
Fhs :Ftip
th g

n" element

A

th (2
2" element

Robot Base

Fig.16. Forces and torques applied on the continuum robot.

Vo = [JGi]Zx(n+3) q,

Js =
(22)

0 1 0
0 0 1]

The robot base mass is represented as M., and its moment
of inertia as /... Likewise, therobot tip or end effector mass
and moment of inertia are indicated by M,, and I,
respectively. Defined as

X X X
|:rGi,1 l‘f’1+l‘Gi,2 l‘f',.fl+l‘(;i,i l‘él./l.

I base 0 O I tip 0
Mbase = 0 M base O > M/ip = 0 Mlip 0 s (23)
0 0 M base 0 0 tip

Then, the kinetic energy of the robot is

1. .
T= EqTMrobotq . (24)
whereM, ., is the robot inertia matrix, determined as
Mmb()t = JZ{,{.\'L’M})(L\'L’J})Q.\'L’ + JZ;'panJtip + ZJZm,iMun’,iJ arc,i * (25)
i=1
The variation of robot elastic potential energy, Ge £ K, is
T
A
oq
0-6 . 00 00 r 0
=E|0 [ [, 22 ... o 0],
’ Ll , LZ , Ln

Likewise, the variation of robot gravitational potential energy,
G, is
g

v, \ z
Gg = ( £ j = _mbaerflg - ZMJgg - mtipJf("“)g : (27)

oq =1

For the centrifugal and Coriolis effects in Euler-Lagrange
motion equations, using Christoffel symbols, the vector
V e Ris defined as

VY'Y
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V:[I/l V2 V;HS]Ta
n+3 n+3 . 28
Vi= szgka(])Q(k) , (28)
Jj=1 k=1
whereg[1(j) is the jth element of q[J, and m’" is defined as
R aMrobm (lﬁ .]) _ aMth, (],k) ) (29)

M -

oq(k) 204(i)

As depicted in Fig.16, the robot is subjected to a tip

moment T, a tip force F;,, a base moment 7, and a tip force

Fp.e, and some actuation forces.Therefore, the work done by

these none-conservative forces and moment on the robot, W, .,
is considered as

W, =W, +W,

ext act ?

(30)

wherelV,,, represents the work done by external forces and
torques, and W, represent the actuation work. For the variation
of these works, we have

T T
Q:(aWncj :[aW:xr _,’_aVKJctj s

oq dq  dq
(3D
n+l T T i T
ext,i
= ZJ[ F + JactTact >

i=1 i
where
J e i= J=J. (i"actuation torque is applied at the k" element base)
. =[y u, a7 32)

act — | Yactl act,2 act,ng ’

where,n,, is the number of actuation torques.

Finally, the Euler-Lagrange dynamicsmodel of the robot is

Mrobotq+V+Ge+Gg:Q . (33)

A MODEL-BASED CONTROLLER DESIGN

In this section, the continuum robot is controlled using
computed torque algorithm, which is a model-based method.
Then, robot control is simulated in different cases. For the
simulations, a continuum robot is considered with m,=0.64
gram. First, the control trajectory tracking algorithm is
introduced. Then, the control performance is analyzed, with
and without consideration of the model uncertainties.

Control Algorithm

The control loop is illustrated in Fig.17. The error e is
defined as

€=q,—q, (34)

where, q, is the desired robot general coordinates. The
controller law used for the computed torque method is

ij‘A:ijd+Kvé+er R (35)

where, K, and K, are constant multipliers (gains), and q[ is

\Y¥

qq4
. N Gc | Invers |x. Robot |q, 4
Qdr da € € (Controller| T, Dynamics—’% —|Backbone

+

v

Fig.17. The control loop.

the control coordinate acceleration vector. Considering
(34),(35)presents a second order system equation. Thus, the
response of the control lawcan be determined by choosing K,
and K.

In the diagram of Fig.17, t. is the required motor torques to

produce the acceleration qll.. For instance, T, can be
determined from (31) and (33) as

_qT#
T, =J."x

n+l T . 36
(Mmbwq +V+G+G,+C, +C, q- z{ el;m :|Ji j’ 36)
i=1 ;

i

where, * denotes Moore—Penrose pseudoinverse.

After determining T, using the inverse dynamics model of
(36), a saturation function of +0.8 N.mis used, to make sure
that the motor torques are practical. To run control simulations,
the robot model (33) will be used to represent the real robot in
the last block of the control loop.

The Robot Motion Snapshots
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Fig.18. Control simulation results without uncertainties;
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Fig.19. Robot tip pathes in control simulationswith uncertainties; (left) tip position control; (middle) line trajectory control; (right)

Control without Uncertainties

Here, our desired criteria for the controller are its frequency
and its maximum overshoot error of the standard step response.
Note that the natural frequency of the continuum backbone is
around 2 Hz. Thus, we choose f;=10 Hz for the controller.
Also, the maximum overshoot is chosen to be 20%. For these
two criteria, using classical system dynamics and control laws,
the poles of the controller are -32.19+20mni. Thus, K, and K, are
determined as

K, =eye(2)x64.37,

K, =eye(2) 4984, (37

where, eye(2) is the standard 2x2 identity matrix. The results of
the three control simulations are depicted in Fig.18.

Control with Uncertainties

To consider model uncertainties, the model (33) can be
considered as

Mrobolq+\’\7+ée+ég =Q s (38)

where, the superscript = denotes that the parameters are
approximations of the real robot. In this section, a 5% error is
added to the module of elasticity of (38), as

E=105E . (39)

The results of control simulation with this uncertainty are
depicted in Fig.19. The diagrams show noticeable errors in the
simulations.

CONCLUSIONS AND FUTURE WORK

This paper presented a control algorithm, in which the
dynamics model of robot was used for robot trajectory control.
For modeling, first, the dynamics of a continuum robot
considered as a series of circular arcs was presented. Then, the
control law was introduced and the designed controller was
simulated in different trajectory tracking samples. The
presented control loop shows good performance when the
model is ideal. However, adding some drastic model
uncertainties to the control law, the controller performance
becomes less desirable.

In future, the control law will be developed in order to

Yo

achieve better performance in the presence of model
uncertainties. Then, the proposed model will be used in real-
time control of our continuum robotic arm. The model will be
developed by including the dynamics of the manipulator
actuation system. Furthermore, the three dimensional
dynamics of continuum robots will be derived based on the
proposed method.
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Optimization of Dynamic Mobile Robot Path
Planning based on Evolutionary Methods
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Department of Electrical Engineering
Sharif University of Technology
Tehran, Iran
fetanat@ee.sharif.edu

Abstract- This paper presents evolutionary methods for
optimization in dynamic mobile robot path planning. In dynamic
mobile path planning, the goal is to find an optimal feasible path
from starting point to target point with various obstacles, as well
as smoothness and safety in the proposed path. Pattern search
(PS) algorithm, Genetic Algorithm (GA) and Particle Swarm
Optimization (PSO) are used to find an optimal path for mobile
robots to reach to target point with obstacle avoidance. For
showing the success of the proposed method, first they are
applied to two different paths with a dynamic environment in
obstacles. The first results show that the PSO algorithms are
converged and minimizethe objective function better that the
others, while PS has the lower timecompared to other algorithms
in the initial and modified environment. The second test path is in
the z-type environment that we compare the mentioned
algorithms on it. Also in this environment, the same result is
repeated.

Keywords: Mobile Robot,
Planning,Evolutionary Algorithms.

Dynamic Environment, Path

L INTRODUCTION

Many researchers have interests on autonomous robots in
the field of robotics and mechatronics. One of the most
important fields in that area is path planning for robots. Mobile
robot path planning is a problem to find an optimal feasible
path between starting point and target point with some
obstacles in the path. Mobile robot path planning can be run at
static or dynamic environment. In static environment the
optimal path should determine before starting of the path
planning algorithm. But in dynamic environment re-planning
and updating are expected in a short time (such as every
iteration). The significant problem in mobile robot path
planning is that the algorithm can reach to local minimum
instead of global minimum in finding optimal path, so
choosing the optimizing algorithm affect as a vital factor in
path planning [1-2].Adem Tuncer proposed new mutation
operator for the genetic algorithm and applied it to the path
planning problem with mobile robots in dynamic
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environments. He showed path planning for a mobile robot
can find a feasible path from a starting node to a target node in
an environment with obstacles. GA is used to produce an
optimal path by using the advantage of improved mutation
operators to optimize the path planning [3].Hong Qu presents
a co-evolutionary improved genetic algorithm in path planning
of multiple mobile robots globally, which operate a co-
evolutionary method for optimization of the paths. He presents
an effective and accurate fitness function, improves genetic
operators and proposes and genetic modification operator in
his paper. Furthermore, the proposed improved GA is
compared with conventional GA [4]. J. Tu compared
traditional search algorithms and optimization methods, such
as calculus-based and numerical strategies with the
evolutionary algorithms that are robust, globally and more
useful when there is little or no prior knowledge about the
problem to be solved [5]. One method that has more speed to
the others in path planning is the GA method because of its
capacity to explore the solution space that has a practical
implementationon the FPGA [6]. Chuangling proposed a path
planningmethod for mobile robots based on an adaptive
genetic algorithm[7]. Kala presented a co-evolutionary genetic
programming method to solve multi-robot path planning that
includes different source and goal for each robot [8]. Other
intelligent planning methods are used in a path planning
environment with obstacles such as fuzzy logic [9] and neural
networks [10].Shirong Liu proposed a method with ant colony
optimization algorithms in order to have distributed local
navigation for multi-robot systems [11].

In this study, we use evolutionary algorithms for
optimizing mobile robot path planning with dynamic
environment. This approach could not have collided to
obstacle in location of selected points and also the selected
paths from starting to target point. The path planning should
be optimized in the distance, smoothness and safety for
proposed path globally in a grid-based environment. The
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optimized path planning algorithmsare compared to each other
in object function and time in some paths. The mentioned
evolutionary methods are genetic algorithm, pattern
searchalgorithm and particle swarm optimization.

1I. PROBLEM DESCRIPTION

For solving the mobile robot path planning, first we should
define an environment that robot moves on it and then
formulate the objective function based on the environment,
robot characteristics and obstacles.

A. Environment representation

In this paper, we use grid-based environment to represent
the environment with feasible paths and infeasible paths. The
grid-based environment includes obstacles and allowed
locations in numbered grid. Our goal is to find locations on a
grid-based environment in order that the robot can change its
direction on those places only and minimize the object
function between the starting point and target point. The
important point that should be considered in path planning is
neither selected position can choose on obstacle locations nor
the selected path cross obstacle locations. In this paper grid-
based environment includes 100 numbered grids with equality
in width and length. Fig.1 illustrates the grid-based
environment and shows a feasible path from the start point to
target point. Also, we should say the obstacles can move on a
grid-based environment this is the reason for dynamic
environment path planning.

1 11 21 31 M 51 61 71 81 T ot

2 12 22 32 42 5 82 92

3 13 23 3 53 63 73 83 93

3 54 64 74 84 94

3 55 65 75 8§ 95

6 16 26 3 56 6 96

7 17 27 3 4 57 6 97

| 8] 18 28 38 48 58 6 98

9 1 49 59 69 79 89 99
710 2 50 60 7Q 80 90 100

Fig.20. Grid-based environment
B. Objective function

The final goal in path planning problem is to find an
optimal feasible path from starting point to target point.
Optimality can interpret in various definitions like minimum
fuel consumption, minimum energy consumption, minimum
time spending, but here we usea combination of path distance,
smoothness and safety for optimizing of the paths [4].
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The objective function can compute in two manners as
follows equations:

First for feasible paths:
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Second for infeasible paths:

Lde
X

Borems = freas T penall]

Wherefr.qs is the objective function(OF) of the feasible
paths, fe,; is a term that we add it to the OF to
avoidapproaching to the certain vicinity of the obstacles (as
the mobile robot has a certain width and can't pass from the
edge of the obstacles). firqsis the objective function of the
infeasible paths.The feasible objective function is computed
by the sum of distances between robot positions (points) in the
path planning, sum of the angles that robot has in each point
for smooth moving and an additional term for avoidance to the
vicinity of the obstacle as an safety term. P; (x;, y;) is the
current position of the robot and P.; (Xi+;, yi+;) is the next
position of the robot.z, F and 3 are constant weights for
adjusting the importance of their factors. We usually choose ¥
higher than & and#to avoid approaching to the obstacles as an
important practical issue.L; is the minimum straight distance
from i™ path lines to the obstacles, C is chosen as a constant in
the whole paths and k is selected as a parameter of safety
margin from the obstacles. Penalty is added for obstacle
avoidance and is chosen a large constant value in order to
select feasible paths with the most chance (penalty=1000), n is
the number of points for path planning.Also d is Euclidean
distance as follows:

AP Fasd = 4 e — 2 B+ (pas— ) ° (4

Where x; and y; is current horizontal and vertical positions
of the robot and x;:;and y;:+; is next horizontal and vertical
positions of the robot. L; is the shortest distance between i
line and the obstacles. The direction of the robot is defined as
below that is computed for each point in order to calculate the
fitness function, £-is an angle in radian:
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I11. EVOLUTIONARY METHODS

In this section we introduce the mentioned evolutionary
algorithms. Indeed, these are derivative free algorithms that
are suitable to solve a variety of optimization problems that
are not standard. We should use an effective tool for solving

o
(8l
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optimization problems in the absence of any information from
the gradient of the objective function. Genetic algorithm,
pattern search algorithm and particle swarm optimization are
described as follows.

A. PATTERN SEARCH ALGORITHM

Pattern search algorithm is a direct method for
optimization ofthe objective function that is not differentiable,
continuous and stochastic inevitably. Pattern search algorithm
in despite of other optimization methods that are gradient base
algorithms, it searches a set of points around the current point.
In fact, it searches for the point that the objective function is
lower than the others at the current point. In despite of other
heuristic algorithms such as GA, it has a flexible operator to
increase and adapt the global search. The iterative algorithm
starts with the creation of a set of points that are called mesh
near the current point. The mesh is created by adding the
current point to multiple of vectors that are called pattern.
Then, if a point in the mesh minimizes the object function
more than others, the pointat the first step of the pattern search
algorithmbecomes the current point at a subsequent level. The
current point can be as an initial point or it can be supposed as
a result of the previous step. Fig. 2 shows the formation of the
Initial point, pattern and mesh points at 1% step of the pattern
search algorithm. The algorithm is explained completely as
below [12-15]:

1. The pattern search algorithm begins with initial point x.
Initial point is updated every iteration.

2. Pattern vectors are created as [0 1], [1 0], [0 -1], [-1 0]. We
have a scalar = 1 (iteration number) that is called mesh
size.

3. Adding multiple of pattern vectors to the initial point, these
new vectors are called mesh points. The multiple is mesh
size here.

4. Computing the objective function at the mesh points.

5. Polling mesh points (by computing the objective function
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Fig.21. Initial point, pattern and mesh points

at the mesh point and find one that it has smaller objective
function value than the objective function value at initial
point). If there is such point, successful poll happened.
Depend on a successful poll or unsuccessful poll go to the
phase 6 or 7.

After the successful poll, if the termination rule is not
reached, the algorithm steps go to the next iteration and
mesh size = mesh size x 2 and go to phase 3 and update the
initial point as a mesh point of minimum objective
function, otherwise go to phase 8.

After unsuccessful poll and it means none of the mesh
point has a smaller objective function value than the
objective function value at the initial point. If the
termination rule is not reached, the algorithm steps go to
the next iteration and mesh size = mesh size x 0.5 and go
to phase 3 and update the initial point as previous mesh
point, otherwise go to phase 8.

Termination rule is reached and the global variablesare
found based on minimizing the objective function.The
patterns search algorithm terminates if the number of
iterations reaches to max iteration or mesh size is less than
mesh limit or the changing between the point that find at
one successful poll and next successful poll is less than X
limit or changing the objective function between one
successful poll and next successful poll is less than the
objective function limit [13].

B. GENETIC ALGORITHM (GA)

GA is an iterative random global search method that it can
find the solution of the problems with inspired processes from
the natural evolution. We can apply the GA to many difficult
optimization problems perfectly. It shows its preferences over
traditional optimization algorithms. If the problem has
multiple optimum solutions, it can find the global solution.
GA presents a large number of candidate solutions to a
problem that are called as population at each iteration. Every
solution is shown by a string, which is named as chromosome
that is usually coded as a binary string. The chromosome has
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been decoded to real numbers and after that the objective
function of each chromosome is computed as performance
function. The most important problems in GA are finding the
correct function that is called as objective function or fitness
function and the genetic coding in order to determine the
problem specificationcorrectly.The initial population in GA is
made randomly and theyare usedin the next iteration by
genetic operators: selection method, crossover and mutation
operator and termination conditions. The selection method
chooses the chromosomes that havea higher fitness function.
They appear with higher probability in the next iteration or
generation.Crossover operator is executed between two
selected chromosomes that are called as parents in order to
exchange parts of their chromosomes. This operator starts
from a random crossover point and tends to make possible the
evolutionary process to move to the vast regions of the search
solutions. Mutation operator is used in problem solutions to
avoid local optimum, it changes zero to one or one to zero on
the chromosomes in random places.Here, termination rule is
the limited number of iterations that the algorithm is repeated
[16-17].

C. PARTICLE SWARM OPTIMIZATION

Particle swarm optimization is a heuristic search method
that first proposed by Kennedy and Eberhart in 1995. This
evolutionary computational method is used for dealing with
the optimization of continuous and discontinuous objective
function. The PSO algorithm is inspired from the biological
and sociological behavior of some animals such as groups of
fishes and flocks of birds that are searching for their food.
PSO is similar to GA in some part. It is also population-based
search method that each solution is shown as a particle in a
population, which is called swarm. Particles can change their
positions in a multi-dimensional search space in order to reach
their equilibrium and optimal points untiliterationlimitationis
occurring. Swarm of N particles is initialized, which each
particle is allocated a randomly. x is symbolized as a particle's
position and v denote the particle's velocity over multi-
dimensional solution space. Each individual x in the swarms is
ranked by using an objective function that illustrates how well
it solves the problem. The index ofthe best previous position
of a particle is Pbest. The index of the best particle among all
particles in the swarm until this iteration is Gbest. Each
particle records its own personal best position by index of
Pbestand it iscompared to the best positions that are found by
all particles in the swarm by index of Gbest. Velocity and
position of a particle are updated in each iteration as the
follows [16,18]:

V¥
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wl, cl and ¢2 are as constant weights.

Short illustrations of the iterative evolutionary algorithms
are shown as a flowchart in Fig. 3. GA, PS and PSO are the
abbreviation of the genetic algorithm, pattern search algorithm
and particle swarm optimization. The evolutionary algorithm
will repeat the mentioned algorithm until it finds the optimal
result that it minimizes the objective function globally.

Iv. SIMULATION RESULTS AND
DISCUSSION

The grid-based environments include 5 obstacles (shaded
area) and 10 x 10 grids. The proposed methods are coded in
MATLAB in a PC with the specifications; CPU: Intel-Core 2
Duo-2.4GHz, RAM: 3GB in 32-bit operating system. The
constants and weights of the equationsare chosen arbitrary.
Two different examples of path planning in a grid - based
environment are compared in order to show the success of the
proposed algorithm. First, we demonstrate and compare the
initial environment path planning with GA, PS and PSO in
which environment is not changed in obstacles and then in a
modified environment. Fig.4, Fig.5 and Fig.6 demonstrate a
path planning for mobile robot using GA, PS and PSO
algorithmsin the initial environment respectively. It is obvious
that each algorithm chooses a different path for reaching to
target point and paths do not cross obstacles. Since path
planning of three algorithms has different, we should examine
each path with a special obstacle moving as a dynamic
environment. In order to have dynamic environment, we move
the obstacle at location 62 and 72 to location 58 and 68 as
shown in Fig.7. Thus, the mobile robot should change its
default path planning and update it in order to avoid
collision.Fig.7, Fig.8 and Fig.9 show path planning for mobile
robot using GA, PS and PSO algorithms in the modified
environment respectively. Fig.10 demonstrates the Path
planning using evolutionary algorithms in z-type environment.
It is obvious that we can compare the start-target distance,
smoothness and safety in the three evolutionary algorithms as
shown in Fig.10. Table 1 shows the comparison between the
evolutionary algorithms in time and the objective function. It
is obviously demonstrated the PSO has better results in both
initial and modified environments in the objective function,
although the PS has the minimum time for the initial and
modified environment.GA has the worse results compared to
PS and PSO. Table 2 illustrates the comparison of the
mentioned algorithms in z-type environment. As it shows the
PSO has the best objective function and the PS has the lowest
in time.
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V. CONCLUSION

In this research, we introduce evolutionary algorithms for
optimization of path planning of mobile robots in a dynamic
grid-based environment. In order to show the success of the
method, three examples in the initial and modified
environment are compared with each other. Both initial and
modified environments PSOhas better results in the objective



The 7™ RoboCup IranOpen International Symposium and the 5™ joint conference of Al & Robotics

functionthan the other algorithms.
repeatedthe in the z-type environment. The results show PS is
more useful in the reduction of the optimization time in the
path planning problem. Therefore, this study shows the PSO is
better in accuracy and minimization of the objective function,
while the PS has more speed to converge. So PSO and PS can
be effective methods for optimization of the path planning
mobile robot in a suitable situation.

This result also
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Fig.27. Path planning using PS in the modified environment
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Table 9. Comparison results in evolutionary methods for mobile robot path
planning in the initial and modified environment

> Objective Objective Time for Time for
Wg function at function at initial modified
b3 initial modified environment environment
E‘ environment | environment (sec) (sec)
>
o @
g % 17.8051 18.4410 0.9310 1.1180
>
ELF
2 § 2 17.3103 17.7430 0.6800 0.8310
Eg3
g =
20y
g_ B 5 16.9362 17.7001 2.2300 2.5590
NEE
g

Table 10.Comparison results in evolutionary methods for z-type environment

Algorithms Objective function Time (sec)
Genetic Algorithm 22.4599 0.9310
Pattern Search Algorithm 22.0439 0.7879
Particle Swarm Optimization 21.9185 2.5920
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Abstract— this research describes an adaptive nonlinear
trajectory tracking controller for a vertical take-off and landing
flyer called quadrotor. The control objective is to stabilize the
fast unstable dynamics of system while performing trajectory
tracking maneuver in presence of external disturbances,
measurement noises and uncertainty in model parameters. With
an appropriate prediction and performing backstepping
nonlinear control approach, the stability of flying robot assured
during trajectory tracking maneuver, while tracking mission
accomplished due to position and rate control. Adaptive
backstepping technique utilizes to eliminate the effect of external
disturbances, noise in measurements, and model uncertainties.
Based on Lyapunov stability theory, adaptive control with tuning
functions proposes an adaptation law, first to estimate unknown
parameters of system and then developing a float construction
system to annihilate the effect of wind disturbance. Simulation
results achieved on a full nonlinear model, to simulate quadrotor
trajectory tracking mission close to realistic conditions, and then
verifies the effectiveness of designed controller.

Keywords- Quadrotor; Nonlinear Control; Trajectory Tracking;
Adaptive Backstepping; Parameter Estimation; Underactuated
system.

INTRODUCTION

Micro Aerial Vehicles, or MAVs and flying robots have
been quickly emerged as a popular vehicle du its vast range of
applications such as video surveillance, payloads and etc.
moreover it is an active and challenging topic in control
researches. Among MAVs, we highlight the Quadrotors as an
ideal platform for robotic systems, due to its simplicity, vertical
flight and high maneuverability (Figure 1.). The dynamics of
quadrotors are nonlinear and multivariate.

Due to the nonlinear nature of aerial vehicles, nonlinear
control methods seems better choices for quadrotor to handle
nonlinearities and have wider performance. Among all these
methods, Backstepping is a well-known and powerful control
technique extensively used for nonlinear systems. This
recursive Lyapunov based control approach was first
implemented in 1990 and in [1] fully developed by Krsti'c,
Kanellakopoulos and Kokotovic in 1995. Bouabdallah et. Al. in
[2] utilized and compared backstepping vs. sliding mode
control in attitude stabilization of quadrotor. Also Madani and
Benallegue in[3] and [4] divided the quad-rotor into three inter-
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Figure 17. Quadrotor MAYV structure.

connected subsystems and proposed a full-state backstepping
and backstepping sliding mode control technique based on the
Lyapunov stability theory for quadrotor to track the desired
trajectories. Another backstepping control method was
proposed by Castillo et al. in [5]. They used this controller with
a saturation function and it performed well under perturbation.

Flying objects must cope with numerous sources of
uncertainty in the system model, external disturbances and
faults in measurements. The problem is even worse in presence
of wind disturbance where the flying robot, lost some of its
control effectiveness and incapable of tracking references
precisely. Adaptive control is an appropriate candidate for this
type of aircraft because of its ability to generate high
performance tracking in the presence of wind disturbances and
parametric uncertainties. In [6], An adaptive control algorithm
solving the trajectory tracking problem for quadrotor aerial
vehicles is derived using a backstepping procedure. N. Metni et
al. used backstepping techniques to derive an adaptive
nonlinear tracking control law for a quadrotor system [7]. In [8]
a new approach for the attitude control of a quad-rotor aircraft
was proposed resting on the combination of the backstepping
technique and a nonlinear robust proportional-integral (PI)
controller. Also in [9], adaptive tracking control of an
underactuated quadrotor is addressed using state feedback
control system and an integrator backstepping approach with a
projection-based adaptive scheme to estimate the unknown
parameters.
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In order to make the aircraft track the desired trajectory, in
[10] a nested double-loops control system is adopted in this
paper. A position error proportional-derivative (PD) controller
is designed as the outer-loop controller based on the coupling
action between rotational and translational movement, and an
adaptive backstepping sliding mode control algorithm is used
to stabilize the attitude. The work in [11] describes the
application of direct and indirect model reference adaptive
control to a lightweight low cost quadrotor.

Although nonlinear controllers perform well in simulation
and experiments, but since they depend on accurate system
model, the real-time performances of these control laws are
generally even worse than linear controllers. Therefor due to
the limited onboard computing resources of the quadrotor,
designing a control law for even precisely attitude stabilization,
but also has strong anti-disturbance manner[12]. Quadrotor
disturbances can be used to represent both exogenous inputs
such as constant wind and model mismatched uncertainties
such as drifts in measuring latitudes and nonsymmetrical mass
distribution.

In this work, we address the problem of trajectory tracking
for quadrotor, using adaptive backstepping control approach.
Design of the control law is done due to the nonlinear model of
quadrotor, considering parametric uncertainties.

Following, in Section II we introduces a nonlinear
comprehensive model of quadrotor MAV. Applying this
nonlinear model, a step by step description of the control
Design is presented in Section III. Results of simulations
presented in Section IV, illustrating the performance of the
proposed control law. This simulation includes the necessary
steps to ensure disturbance rejection, and finally Section V
conclude the contents of the paper.

SYSTEM MODELLING

Quadrotor, actually consisting of four individual fixed
pitch-angle blades rotors in a “x” or “+” configuration. Thus
the number of individual motion degrees of freedom is six and
due to coupled dynamics, actuating systems cannot
instantaneously set the accelerations in all directions of space,
since it is four individual, the quadrotor is called an under-
actuated system instead of fully- actuated. A concept of the
flying quadrotor is space is shown in Fig. 2.

Before starting model extraction, we consider
following assumptions:

Quadrotor is solid structure with no elastic
deformation.

Inertial moment of body in rotation is time-
invariant.

Distribution of the mass of the quadrotor is
symmetrical which simplify the equations.
Thrust factor of rotors and drag factor of
quadrotor body structure is constant.

Air density around is constant.

VYo

A flying object in Euclidean space defines tow
directional frame, first mounted on the center of object,
body- fixed frame B and second as a reference frame
known as inertial frame /. usually the inertial frame
considered on center of earth and

ZE

XE

YE

Figure 18. Quadrotor system configuration.

called E-frame. Every motions of the flyer, defines in B-
frame with respect to E-frame.

Many researches on quadrotor modelling ([13]-[15])
being stated on the above assumption. The kinematic
equations of a quadrotor in B-frame described in Eq. (1a-
Ic):

p=Rv (1a)
0=To (1b)
R =S(0)R (1c)
wherev=[v, v, v.]" eP’ando=[o, o, ] P’

defines the linear and rotational speed vectors of body with
respect to E-frame are position vector and angular velocity
vector in the inertial frame, also
O =[¢1) 00 y®) eP’andp()=[x(1) »() =] P’
are attitude and position vector in E-frame, R(\) e P ¥° € SO(3)
is rotation matrix, 7()eP>%is translation matrix, and

S()eP*?is a is a general form of skew-symmetric matrix
shown in Eq. (2), (3), and(4):

cpcy s¢psOcy—sycd cpsOcy+sy so
R(@)z sycl spsOsy+cychd cpsOsy—cysg
-s0  cOs¢ clcg

2
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1 s¢td cgtl
r@)=|0 cp  -s¢ A3)
0 s@/cO c@/cO
0 -0 o
S@=| o, 0 o “
-0, o 0

y x

Where ¢ and s denote cosine and sine functions,
respectively. Also based on the Newton-Euler formalism,
dynamic equation of motions will be described in explicit form
as follow:

mRTp+K RTp+mRTg=1 (5-a)

JTG)+J(8—T¢+6—T€)(L)+K TO+STO)JTO=1 (5-b)
o9" 00 r

Where, J=diag{l,, I, I.}eP*® is a constant

matrix, representing body rotational moment of inertia around
the propeller axis. Thanks to the even distribution of the mass
of the quadrotor, the inertia matrix is diagonal, furthermore the
effect of gravitational force on such body is considered as

g=[0 0 g]" € P where g is gravity acceleration factor.
K,eP¥® and K, eP*?represent constants of diagonal

acrodynamic forces in translational and rotational motion
occurred in velocity terms.

t=[7. f, fz]T eP?is the force vector but the only

one we obtain is the consequent trust of four rotors called also

throttle in z- axis. Also there are three rotational torque along
roll, pitch and yaw, t=[z; 74 TW]T eP? which made

system capable to move around, described by Eq. (6), where
£ denotes the angular speed of each rotor.
Ib(Q3 - Q)

d(Qf -Q3 +QF -QF)
As stated previously, translation in x-y plane is made
up of roll and pitch rotation considering position of the

h(QI+Q%+Q3+QF)
f Ib(QF - Q3)

T

(6)

head of robot, or yaw angle.

{ux=c¢s6’01//+s¢s1// ™

u,=—coslsy+spcy

Non-holonomic constraints demonstrate the coupling

effect between rotation dynamics roll and pitch and

translational dynamics of quadrotor system, i.e. to have a

smooth movement in x-y plane we may need to define
desired rotation profile in roll- pitch orientations.

VF?

K, K4
(x+%x)cosy/+(y+ﬂy')smy/

0, =tan™" m 8)
Z+g+—"-z2
m
K, K,
G+ L% F)sing + (5 +—22 p)cosy 9
4o —sin” m m )

K, K, K,
‘/(m”* D24 G+ )+ (Gt g+ I 5)?
m m m

CONTROL DESIGN AND STABILITY ANALYSIS

Generally, all nonlinear systems demonstrated as a standard
state space form like:

x= f(x,u) (10)
Where the state vector x and input vectoru, the designed

control strategy acts on quadrotor via four rotor actuated in
angular velocity as follows:

x=[p" @' (11)

u=[f" 7" (12)
Without loss of generality due to force and moment
equation obtained by Newton-Euler formalism, we properly

assume our quadrotor system adopts a special class of
nonlinear systems as below:

x=/(x)+g(x)u (13)

Mentioned equation is an appropriate form of system
dynamic equations, utilized in backstepping method called
Strict-Feedback Form. If we consider x and u as following

second order system:
g =0+ ()0 (x)

{5‘2 =bu+¢2T(xl,x2)6+y/2(x1,x2)
We define the first step tracking error as Eq. (15) and
we begin to back-step to the full state quadrotor system
of order 12.

Control design procedure of traditional backstepping
approach will be constructed during the next steps.
Starting as:

(14)

Z) =X — X, (15)

Zy =X, — O — X,

Step 1:

3 =% —%,
. (16)

=z, +a;+¢ O+y,

We do not have the parameterddue to system
uncertainties, so we consider its estimationdand try to

find@ through a proper adaptation rule. According to
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traditional backstepping approach, we introduce a
Lyapunov candidate function as:

Vi

1 1 sr s
=%212+52,12+5(9T1" 'o (17)

t
Where 5 = I z;(r)drandT is a positive definite
0

matrix and@ =6—6. In the first step we represent the

V, as:

Vi =25 + Ay - 07T
1= 414 xx . (18)
=z(z o+ Az + 4 0+y) =0T [T0-iz)
In each step we define stabilizing virtual control

o and a tuning function respectively. we choose ¢in a

way to make V, <0.

a=—az ~ Ay -4 0y, (19)
6=Tgz (20)
Where, constantc; and positive nonzeroAare IBS

coefficients. As it is said In [16], to overcome the over-
parameterization problem caused by 6, this update law is not
being used for to estimation of 4. Instead, a tuning function
7, will be defined as 7, = ¢z to show this time derivative is
negative definite:

V=

—o7(rr" 16— 7))+ 22, 1)

By choosingﬁzfqﬁlzl, the term at right hand of

= _Clzl

6 become zero, and then to declare the stabilization we
have:

4 (22)
The next step to our stabilization and tracking control
will be similar to first step.

_ 2
=—CZ + Z1Zy

Step 2:

The time derivative of second error of tracking
determined as:

. oa
Ly =buty, ——(z, - —z - A1)
61 621 (23)
oa ooy » Oay .
+(d - 14151) 9—6—59—6—){1}(—%

VYV

The control law will appear to us, using a second
Lyapunov function and its time derivative in Eq.(24) and
Eq.(25). By introducing such a Lyapunov function, we
study convergence of tracking error signals (z, andz,)
and also declare boundedness of y :

V,=W+42 (24)

v, = (25)
Replacing z, from Eq. (23) we have a step closer to

=—zt -0 16’ )+ 212y + 252,

stability analysis of system.

V,=-czf "‘22(21 +hu+y, _%( 2 _%Zl A7)
A 0z,
(26)
oo 605 ole} .
+(p — 1¢1) —6-— —X
ox

We can eliminate the terms replacing it with & + 6
and absorbing the 0 term in parenthesis of ¢ in Eq.

(26). Now we can drive an update law from the
mentioned procedure of adaptive integral backstepping,

as below:
6-Tz, 7)
And 7, is called the second tuning function and is
selected as:
oa
5 =1+(h __l¢1)22 (28)
0z,

So we cancel the last term of 7, , this time derivative now

become:
V2 =—Cz; —1—22[2l +bu+y, _8_(22 —aiz1 Ax)
821 Z1
(29)
07 (g, - Z0g) D 0 —xj
0z, 00 oy

The actual control input is selected to remove the
residual terms and make a semi negative time derivative
of Lyapunov Function.

u:%[—zl(l+/1—clz)—zz(c1+c2)+c?1/1)(
5 5 (30)
L W W iy o +3,]
¢, - 2, — % YR —¥s

The resulting of time derivative of V,is:
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€2y

Since the parameter 5 is also unknown, we have to
estimate it with a second update law. Finally we are in
this position to extract control u as below:

;o 2 2
Vy=—czi —¢z3

u=pu (32)
=—z(1+A-ct)—zy(c, + )+ Ay
A oa oa (33)
+0T (=) + L1y —y, +5,
# 621¢1 Y: 2~ Y

Where pis the estimation of p=1/b6. We should

consider this estimation in the last Lyapunov function,
note that p = p— p we have:

(34)
So according to [16] and the proposed formulation, the
update laws of estimations are as

bu = bpir =it — bpu

p = —y sign(h)uz
p=-y gn(b)uz, (35)

A

0 = FTZ
Where pis a positive constant design parameter.

Finally we can utilize the last Lyapunov function to
clarify the stability and control performance:

5]

V=V, +—p° (36)
4
V=—¢zt—cyz2 +z %(Fr —é)
1“1 242 2 20 2
+07(z,-T7'9) _18] P(p+ysign(byiz,)  (37)

clzl2 - czzg <0

This Lyapunov function provides the proof of
uniform stability and the proof of asymptotic tracking.
By using tuning functions, only one update law is used
to estimate unknown parameter §. This avoids the over-
parametrization problem and reduces the dynamic order

of the controller to its minimum.

Due to analysis in [16] and From the LaSalle's
Theorem, this Lyapunov function provides the proof of

uniform stability, such that z;, z,, y, pand 0 , are

bounded and z; — 0, i = 1, 2 This further implies

thatlim, ,, (x, —x,)=0. Since x =z+x,, x 15 also

bounded from the boundedness of z andx,. The

boundedness of x, follows from boundedness of x, and

YFA

a, in Eq.(19) and the fact thatx,=z,+a +x%,.
Combining this with Eq.(32) we conclude that the
control u(¢) is also bounded. Therefore boundedness of

all signals and asymptotic tracking are ensured.

Attitude and Altitude control

Altitude control as an outer loop designed to hold quadrotor
in a hover mode flight and keep the height in a desired position
of z axis. As following we have:

[— zs(1+ 45 —052)—26(05 tcg)teshixs
(38)

u =
CX7CXg

+ a3xg +g+)'érz]
While attitude controller stabilizes the angels on desired roll
and pitch value predefined by position controller, the altitude
controller track movement along vertical axis. Attitude

controller, similarly track desired yaw angles defined by path
planner too.

Uy =P, (—27(1—c3 + A4) —zg(cq7 +¢g) — O1x1pX)2

(39)
+C 420 = o X10 82, + X7,)
A 2 A
Uy =py (—zo(l—cy” +15) - 210(09 + 1o )_ 0, x5,
(40)
+ 0925 Xs + Jmt Xg Qr + )'é9r)
A 2 A
uy = p3 (=21 (1—cpy” +Ag) =215 (e +¢12) = O3xxp @
—cide X +X11,)
Wherec; and 4;are positive non-zero and y;are

integration of tracking errors. From Eq.(39-40), the rotational
motions do not depend on translational motion while the
opposite is not true.

Position Control

Trajectory tracking maneuver performed via a position
controller, where a predefined trajectory in time domain
followed by calculating desire roll and pitch angle as a
function of time. There it seems a low level controller
handle 2-D translation as an outer loop, while this
position control cooperated with Altitude controller a 3-
D path tracking will be achieved.

m
u, =—(Cz(1+4 —clz)—Zz(C1 +o)+aliy

u, (42)
+axy +X,,.)
m 2
u,=—(Cz:(1+ A4, —c3)—z,(cs +c4) +c
v u1( 3( =)~ (e tey) + by, (43)

+ ayx, + X5,.)
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Wherea, =K /m, a,=K, /mand a3 =K, /mare

demonstrating effect of friction in each translational
axis.

SIMULATIONS AND RESULTS

The simulation results are obtained based on the following
real parameters of designed quadrotor in Mechatronic research
center of Islamic Azad University of Qazvin, in Table 1.
Simulations in this research have been performed to examine
the application of Integral backstepping controller and its
adaptive issue performance, in domain of initial condition
attraction and effect of external disturbances while trajectory
tracking.

Table 11. Quadrotor drone mechanical characteristics.

Mechanical Constant Parameters of quadrotor hardware
Symbol Unit Value Description
| b N s’ 54.2x10°° Thrust factor
N m 6
) d e 1.1x10 Drag factor
3 g ms? | 9.81 Gravity acceleration
M f Inerti
Kg.m2 0.186762 9ment of Inertia on x
4 I, axis
Kgn | 0186762 M(')ment of Inertia on y
5 Iy axis
M t of Inerti
Kg.m2 0.091253 (.)men of Inertia on z
6 1. axis
Ke.m® | 1.32x107 Rotor Inertia
7 J, rot
3 / m 0.15 Arm length
9 m kg 1.2 Mass
10 R m 0.2032 Propellers radius

Desired trajectory in this study is a Lemniscate shape. This
is a special curve of degree four and specified by parametric
form equations Error! Reference source not found.. This
reference path is piecewise continuous and sufficiently smooth
up to second derivation. Further this trajectory as a reference

input is a persistent excitation to reveal all system
nonlinearities.
a cost a sint cost
(1) =——>~- )y =—"—>5— (44)
I+sin“¢t I+sin“¢t

V¥4

= = = reference x-y|
x-y |

Figure 19. 2D view of indoor flight trajectory tracking via BS control
approach while there is no disturbance.

IBS control method could outstand relatively hard initial
conditions and perform the tracking mission very well with
absolutely no error. To examine the efficiency of our proposed
method, we associate a constant wind effect about 0.3N means
constant acceleration about 0.25 m/s2 in our simulations.

2 25

Figure 20. Bird-eye view of indoor flight trajectory tracking via BS control
approach in presence of wind disturbance toward x and y directions.

z(m)

Real Path
= = = Ref. Path

-2 -2

x (m)

Figure 21. 3D view of quadrotor trajectory tracking via Adaptive IBS control
approach in presence of wind disturbance toward x and y directions.
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From the mathematical model, the quadrotor is a nonlinear,
multivariate and strongly coupled under-actuated control
system. And, the system model also has uncertainties of inertial
moments. Therefore, as illustrated in Figure. 4 general
backstepping control algorithm performs not very well in
presence of parameter uncertainty and disturbances in windy
environments, this problem is solved perfectively via adaptive
IBS presented in Figure. 5.
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Figure 22. View of tracking error signal of quadrotor via Adaptive IBS.

Mechanical Parameter of body structure due to newton-
Euler modelling are estimated via adaptive part are presented in
Figure. 7.
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Figure 23. Estimation of constant body parameter [ I, concluded
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from estimation of p via adaptive IBS control approach.

As illustrated in Figure. 8 adaptive IBS controller have reasonable control
effort and consumes relatively low power which highlighted as a benefit of
proposed control method in trajectory tracking.

Yoo

0.02

15.5 = 0.1
— 3
s z
En ~
15 s 0
14.5 -0.01
0 20 40 60 0 20 40 60
Time (s) Time (s)
0.06 0.04
0.04 0.02
£ 3 :
Z 002 z
5 <
E 3 0
0
-0.02 -0.02
0 20 40 60 0 20 40 60
Time (s) Time (s)

Figure 24. Control effort of adaptive IBS in presence of wind effect.

CONCLUSION

In this paper, we addressed problem of trajectory tracking
control of a quadrotor. We start by developing dynamic
nonlinear model of quadrotor taking into account the different
physics phenomena which can influence the evolution of our
system during trajectory tracking in autonomous flight
conditions. Control method designed for such a rigorous
nonlinear aircraft is an Integral Backstepping (IBS) which is a
powerful Lyapunov based nonlinear control Method, and
useful in controlling aerial vehicles. Robustness to external
disturbances is either accomplished through integral
backstepping.

The proposed control laws lead to a negative semi-definite
time derivative Lyapunov function of closed-loop system
regard to the tracking errors, rendering it inherently robust to
small errors and noise. Also the initial conditions of quadrotor
states have been considered while analyzing control
performance in trajectory tracking. As it shown in results,
Adaptive IBS eliminate the effect of constant wind on and
perform the trajectory tracking with no drift. Moreover the
control system can tolerate relatively large initial conditions
too. As the quadrotor stirs along the path, the adaptive
algorithm tries to estimate unknown parameters of body
structure too. With employing tuning functions the parameters
converge to their real values.

This controller will be discussed in real flight maneuver
experiment In future, and as a completion to this control
method a disturbance observer will be designed to reduce the
difficulties of controller construction in experimental situation.
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Abstract—In this paper, it is tried to transfer one of the
powerful tools for image processing from the frequency domain
to spatial domain. In which the frequency concepts is used in the
field of image processing based on FPGA. The process is as
follows that first a low-pass FIR filter in frequency domain is
designed and then it is transferred from frequency domain to
spatial domain and implemented as an IP Core standard
structure in FPGA. The implemented IP CORE structure is
streaming and the input and output images of type gray. Because
the use of array and high-frequency processing in FPGA, it has
wide applications in image processing field, especially for high-
speed image processing. Finally, the implementation of 2D FIR
filter and eyewitness in VGA’s output and the comparison
between the actual image and filtered image, it is obvious that
high-frequency changes are decreased in the image.

Keywords—FPGA; FIR Filter; Image Processing; 2D FIR
Filter

INTRODUCTION

FIR filters are one of the most practical tools in the image

processing and there are various tools for design it. FIR
filters are digitally implemented in both software and hardware
forms. The use of a DSP processor and C programming
language is used to implement a FIR filter in [8] and [9] and a
fir filter are implemented as hardware based on FPGA in [1]
and [4] also.

The hardware implementation is used mainly as VHDL and
Verilog programming languages, which have higher processing
speed with respect to the algorithms which uses the software.

Now if a FIR filter as the above features could be used in
the form of a 2D FIR filter for image processing [6], [7] and
[10], we can utilize the specifications of FIR filters in image
processing field.

Also In this paper, it is tried to apply the properties of this
type of filters on image processing, in addition to hardware
design of a filter based on FPGA, and use this type of filters
and their properties in real time processing, based on FPGA.

The rest of the paper is organized as follow.
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Section II. The structure of FIR filter in frequency domain
Section III. Design a FIR low-pass filter

Section I'V. Implementation of 2D-FIR filter

Finally, conclusion of this study is explained in Section V.

Meanwhile the study of 2 D filter, implementation of these
filters and digital image processing mask based on FPGA are
presented.

THE STRUCTURE OF FIR FILTER IN FREQUENCY DOMAIN

FIR filters are one of the useful filters in signals processing
field. These filters are used to cut one or a few frequency
bands.

Fir filter is called finite impulse response filter, because of
its response for an impulse in the input, which is some finite
nonzero values in the output.

The filter design software is mainly used for filter
designing, which included the pass band and cut off range and
more accurate response.

There are a variety of methods for designing filters, as
presented in [13] and [14].

The Transfer function of a FIR filter is stated as equation

(1) [4], [7]-
y[n]=Db, x[n]+b, x[n-1]+...

N
+byx[n—N]=) b.x[n-i]
i=0 (1)

Which in Equation 1, b is FIR filter’s coefficients and n is
order of designed filter. Digital structure of FIR filter’s
implementation Block in frequency domain is shown in Fig. 1

(31, [7].

FIR filters because of the simple and intelligible structure
and variety of tools and techniques in the design [6] in the
frequency domain have this advantage that can be used in the
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field of image processing as a powerful tool for better
understanding of the images.

7!

x[n]

= =
T ¥

_,@_,@_ .......... _..@_._L'[n]

Figure 25. The structure of digital fir filter

\

DESIGN A FIR LOW-PASS FILTER

In many cases, we need to attenuation or amplification a
specific frequency band. Which these attenuation and
amplification are very useful in the field of image processing.
such as sharpen images edges.

There are various method for design a 1 D filter. This
paper offer Butterworth method according to equation2.

1

1 + (1)2N
w

c

|B(w)['=

.(2)
Which in equation, w, is the cut off frequency and N is the
order of filter.

The greater value of N, the quickly reduce in the value of
B(w) and more precision of filter.

Fig. 2 shows the frequency response of a second order low
pass filter with Frequency bands defined within [0 .6 .6 1] and
Pass band with in [1 1 0 0].

Magnitude Response (dB)

Magnitude (dB)

300

Frequency (mHz)

Figure 26. Frequency response of FIR filter

Equation 3 shows a 2 D filter that can obtain from
generalized 1_D filter.

Yoy

N N
H(z,,2,)= ) > LDZZ;

k=-NI=-N

.(3)

And a 2_D filter can obtain from a generalized 2_D second
order FIR low pass filter.

Table (1) shows generated filter’s coefficients. [4]

TABLE XII.  GENERATED FILTER’S COEFFICIENTS
0.0061 0.0121 0.0061
0.0121 0.5754 0.0121
0.0061 0.0121 0.0061

Fig. 3 shows three dimensional view of frequency response
of a2 D FIR filter, and Pass band and the intensity of changes
in a two-dimensional neighborhood.
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Figure 27. Diagram of generated 2D_FIR filter

IMPLEMENTATION OF 2D-FIR FILTER

We use VHDL hardware programming To Implementation
2D FIR filter in FPGA and then convert to IP CORE Using
TCL language and add it to image processing hardware.

We use 3*3 or more matrix To Implementation 2D-FIR
filter which the matrix size is depends to order of Filter
Frequency which has changed to spatial filter and also depends
on array memory which has a manner like FIFO With the
exception that all the arrays of this FIFO are available.

In Fig. 4 a 3*3 mask is seen which has w coefficients.
Indeed these coefficients are 2D FIR filter coefficients. [5]
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Figure 28. Image Processing 3 x 3 mask with a memory

And By equation (4) 2D FIR filter output to an image pixel
size W * L achieved. [3]

M N

y(n,m)= > > w,  x[n-k,m-1]

k=-M I=—N

.(4)

To implementation 2D-FIR filter, a 3*3 matrix and a FIFO
memory size L*3 are needed which L is the image length that
Applied to 2D-FIR filter. In codel a proposed VHDL code
shown which shows Inputs and outputs 2D-FIR filter.

Library IEEE;

use IEEE.std_logic 1164.all;
uselEEE.std_logic_arith.all;
uselEEE.std logic_unsigned.all;
libraryfp_lib;

usefp_lib.float pkg.all;
ENTITY fir IS

GENERIC(W1,W2,W3:
0):=(others=>'0");

STD LOGIC_VECTOR (31  DOWNTO

W4,W5,W6: STD_LOGIC_VECTOR (31 DOWNTO 0):=(others=>'0");

W7,W8,W9:STD_LOGIC_VECTOR (31 DOWNTO 0):=(others=>'0");

Yo

N_LENGTH_PICEL:INTEGER:=320);
PORT (clk: IN STD_LOGIC;
reset n  :IN STD_LOGIC;
ast_sink_data 1IN STD_LOGIC_VECTOR (7 DOWNTO 0);
ast_sink_valid 1IN STD_LOGIC;
ast_source ready 1IN STD_LOGIC;
ast_sink_error :IN STD_LOGIC_VECTOR (1 DOWNTO 0);
ast_source_data : OUT STD_LOGIC_VECTOR (7 DOWNTO 0);
ast_sink ready : OUT STD_LOGIC;
ast_source_valid : OUT STD_LOGIC;

ast_source_error : OUT STD_LOGIC_VECTOR (1 DOWNTO 0)

);
END fir2D;
ARCHITECTURE SYN OF fir2D IS
COMPONENT FIFO_ARRAY
PORT (CLK:IN STD_LOGIC;
DATAIN:IN STD_LOGIC VECTOR(7 DOWNTO 0);
POINT:IN INTEGER;
DATAOUT:IN STD_LOGIC_VECTOR(7 DOWNTO 0)
);

Codel. The proposed 2D-FIR filter VHDL code

In codel Connection between input and output is
streaming. In this connection we have no control over
incoming and outgoing data and core will perform the settings.
The connection is used in real speed time image processing
with high-speed applications. In Fig. 5 IP CORE window made
in the Qsys environment of Quartus software is shown.

In Fig. 5, 2D-FIR filter coefficients of floating point type is
defined which need to convert the Decimal floating point
numbers to binary floating-point numbers and this can be done
by standard IEEE_754.
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Figure 29. 2D-FIR filter IP CORE

In Fig. 6, 2D FIR filter is applied on an image with size
of 320x240 pixels and its output is displayed in VGA and
use Filter coefficients through a 2-degree low pass filter .

For image acquisition and image processing algorithms
implementation, TRDB_DM camera with SMP resolution
and a DElboardanda cyclone -1 FPGA chip are used. [11],
[12]

In Fig. 6 (A) original image with high frequency noises
shown that randomly mixed with picture.

In Fig. 6 (B) output image obtained after the applying
2D FIR filter which the image has been smooth changes.
However, it is clear that increasing the size of the mask to
2D FIR filter and filter order, increases the quality of output
image, considerably.

Yoo

(B)

Figure 30. VGA output

CONCLUSION

2D FIR filter in image processing is for transform the
processing Implications from frequency domain to spatial
domain.

Use of 2D-FIR filter, is the use of powerful tools of
design and analysis in digital signal processing in the
frequency domain. 2D-FIR filter has diverse uses in image
processing such Remove high frequency changes and
Sharpen image edges in the edge-finding.

In this study a long side Check FIR filter in the frequency
domain and its Conversion to spatial domain, implement that
for the purposes of image processing based on FPGA in form
of 2D _FIR filter. which inside Reduce high frequency noise,
has increased image quality considerably for a better
understanding of image and image processing.
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Abstract—One of the most significant issues in design of the
parallel robots is to determine proper kinematic
parametersleading to a desired workspace.The aim of this
research is to propose a new approach for kinematics-based
design of 3-RRR Delta robotsconsidering a specified workspace.
To this end, a new concept, called the Maximum Surrounded
Workspace (MSW),will be presented, which is the basis of the
new design methodology utilized in this paper. Additionally, the
kinematic parameters of some of the prominent industrial 3-RRR
Delta robots and their relationships have carefully been
examined which are then will be employed in the proposed design
procedure. The obtained real-world results ofusing the proposed
approach for designing a 3-RRR Delta robot sample,revealnot
only the properperformance of the suggested method, but also its
simplicity and efficiency.

Keywords—Kinematics;
Delta robot;

Workspace; Manipulator Design;

INTRODUCTION

In recent years, a considerable amount of research has been
focused on the design and development of parallel
manipulators (PMs) due to their advantages over serial
manipulators in terms of high precision, velocity, stiffness and
payload capacity.These advantages encourage their wide range
of exploitationsinindustrial applications, flight simulators and
milling machines, etc. However, one of the major drawbacks of
PMs is theirlimited workspace[1].A parallelrobot typically is a
closed-loop kinematic chain mechanism whose end-effector is
linked to the fixed base by some independent kinematic
chains[2].In PMs’ family, different types of architectures have
been suggested for relevant applications[3].Clavel’s3-RRR
Delta robot is one of the most famous parallel platforms with
high acceleration [4], [S] whose pluses resulted into its vast
industrial employment. This robot, see Fig. 1, with three
translational DOF has a wide range of applicationsas diverse
aspackaging industry, production lines,medical and
pharmaceutical industry, etc.

One ofthe most notable issues in the process of design of
parallel robots is their workspace. In the literature, different
methods to determinethe workspace of a parallel robot have
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been  suggested using  geometricaland/or  algebraic
approachesproviding results numerically or analytically [1],
[6], [7], [8], [9].-The first investigations of robot workspace
were reported in [6] and [7]. Most of the numerical techniques
to determineworkspace of PMs are based on the discretization
of the pose parameters in order to determine the workspace
boundary [8], [9]. With discretization method, the inverse
kinematics are solved for each potential pose of the end-
effector, and the designer verifies that all the constraints are
satisfied.Moreover, some studies proposed optimization
techniques to determine workspace.

Although deriving the workspace of a parallel robot is a
hard problem, the design of a parallel robot for a given
workspace is, however, more challenging. Therefore, any
algorithmic technique to solve this topic is welcome, see[10],
[11], [12] and [13].A GA-based method hasbeen proposed in
[14] tooptimal dimensional synthesis of the Delta parallel
robotswith a prescribed workspace. In [15] an approach to
design of Delta robotsfor a desired workspace is suggested
considering swing range of spherical joints. However, the
proposed method is provided for 3-PPP Delta robot
architecture.Analysis of a 3-RRR Deltarobot kinematic
response, has been accomplished [16], in an attempt to reach
the desired workspacethroughvariations of robot parameters
and swing range of ball-joints.

In the most common industrial applications of Delta robot
such as pick-and place for assembly and material handling, the
desired workspace is a right circular cylinder with a specified
heightand base radius. In this paper, a novel geometrical
approach for kinematics-based design of 3-RRR Delta robot for
a given cylindrical workspace is presented. Toward this goal,
the geometric representation of the desired workspace for a 3-
RRR Delta robot is discussed and a new concept, called the
Maximum Surrounded Workspace (MSW)isproposed. The
geometric parameters of the MSW is derived and the
surrounded radius of the reachable workspace section is
determined. Furthermore, a statistical analysis for some well-
knownindustrial 3-RRR Delta robots is providedto explore
therelationships exist between their design parameters. The



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

obtained relationships is then exploited in the proposed design

P
—
Lh

The remainder of this paper is organized as follows. After
the above introduction, kinematic analysis of 3-RRR Delta
robots will be discussed in Sec. II. The workspace analysis of
the mentioned platform will then be introduced and the concept
of the MSW will be proposed in Sec. III. Next, the design
procedure of the robot with a desired workspace will be
explained. After that, in order to illustrate the performance of
the suggested approach, a real case study will be presentedin
Sec. IV. Finally, the paper ends with some concluding remarks.

KINEMATIC ANALYSIS OF 3-RRR DELTA ROBOT

A Delta robot is a type of parallel robot which consists of a
moving platform connected to a fixed base through three
parallel kinematic chains. Each chain contains a rotativejoint
actuated by rotational motors which are mounted in the base
platform. Movements are transmitted to the moving end-
effector platform through parallelograms formed by bars and
spherical joints, as shown in Fig. 1.

Here, for convenience, the forward and inverse kinematics
problems is briefly introduced.As it can be showed in Fig. 1,

is the fixed world coordinate system located at the center of
the regular triangle AjA,A; and {b} is the body coordinate
system. Note that, all three chain of the Delta robot are
identical in length. The geometric parameters of the robot are
I, h,r,hand o (¢ mm 1.2 which are represented in Fig.
1. In addition, Py = 1., , arethe joint angles

that define the configuration of each chain.

is a center point of the end-effector, then the
in frame  can be written as follows:

Suppose that
position vector

i
L,

T - -

i‘;ﬂ:i;.ﬁ:ii;.“i:.."
L ammEm
=t mln 8y = by e, wlok By, 850

i.;'-l-r'\;":i_l

128

el
-

P -

(1

Additionally, the position vector of in the world
coordinate system, ., can be represented as follows:
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methodology.

"p=R(@]P =0 T )T i=ll8 2)
where zriis the orthonormal rotational matrix from
frame to . According to Eq. (2), by some mathematical

manipulations to eliminatethe passive joint variables such as
and , the constraint equation of each kinematic chain
can be written as follows:

Lt =i (B =g 2, =2f =l =123 ?3)
where
‘ Ky= fr =k I condyfeos @,
i ¥y = {r =k + 1, eos ) sing, f= 128 “)
I = =i By
The Eq. (3) represents three spheres centered at %, ¥

with same radius, . The intersection of these spheres is a
point which defined the solution of this system of
equations.These three constraint equations yield the kinematics
equations for the 3-RRRDelta robot.

Forward Kinematics Problem

Forward kinematics (FK)refers to the use of the kinematics
equations of a robot to compute the position of the end-effector
from specified values for the joint parameters.The FK solution
for parallel robots is generallyhard. It requires the solution of
multiple coupled nonlinear algebraic equations which has been
derived previously (Eq. (3)). In general, there are two valid
solutions, which means that, for specified joint angles, the
movingplatform can have two possible configurations with
respect to the fixed base. For more details see[17].

Inverse Kinematics Problem

Inverse kinematics (IK) refers to the use of the kinematics
equations of a robot to determine the joint parameters that
provide a desired position of the end-effector.



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

Eq. (3) can be expressed as a function ofjoint space

variable  as follows:
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The above equation is readilysolved using the tangent half-
angle substitution. Then we have:
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Figure 2. Scheme of the workspace of the 3-RRR Delta robot

from which one can see that there are eight IK solutions for
agiven position of the moving platform. For our robot the valid
configuration occurs when the sign “+” in Eq. (7) is “ 7, i.e.,
the configuration as depicted in Fig. 2. For more details on the
IK model of the Delta robot see [17] and [18].

WORKSPACE ANALYSIS

The workspace of the parallel robot can be defined as
areachable region of the point attached to the centerof the
moving platform.As it can be observed in Fig. 2, the 3-RRR
Delta robot’sworkspace have some irregular protuberances and
dentswhich where the robot’s configuration is permanently in
or near the singular position.To dispel concerns about
singularity and alsofacilitate in kinematic-based design of the
Delta robot, the notion of the Maximum Surrounded
Workspace(MSW) is suggested. The geometric parameters and
characteristics of the MSW presented in what follows.

The Maximum Surrounded Workspace

As shown in Fig. 3, the MSW is a solid volume obtained by
rotating the area around the axis of the robot.As it can be

seen in Fig. 3, is the area in  -plane(frame ) which is
enclosed by two lines and and an arc of circle as
follows:

|[-r:| r=0

Lo z=-q ®)

-
-l
= L=

O fx =g} = (2 - nl

where

Vo8

F G = fy= bl 20
f=r—h+ilomE gl ©)]
Li’.‘ = [ S e
where & and t are the positive and negative

rotational limits of the active arms’ joints, respectively, due to
mechanical interferences constraints. As depicted in Fig. 2, the
line is the intersection of the  -plane and the plane passing
through points and  .These points are illustrated in
Fig. 2. The surrounded radius of the reachable workspace
section can be written as follows (see Fig. 3):

(10)

&
mom—a

Figure 3. The MAXIMUM SURROUNDED WORKSPACE of the 3-RRR
Delta robot

DESIGN OF THE DELTA ROBOT WITH A SPECIFIED WORKSPACE

Formulation of The Suggested Approach

As discussed earlier, the desired workspace is a right
circular cylinder with a height and a base of radius ~ which
is inscribed in the MSW.In the suggested approach, the
geometric parameters of the robot are extracted based on the
dimensions of this cylinder. As illustrated in Fig. 4, we define
angle to describe relationship between the desired workspace
and the MSW as follows:

o T e R

T 7
R =i sne -1+ A<e<nid

)

Equation (11) is a linear system with two equations and
four variables and .To ensure that this system of
equations has one solution, another two auxiliary equations
have been defined as follows:

E

IE, =i/
g =rik (12)
and  are two significant parameters in the kinematic-

based design of the 3-RRR Delta robot. To find the design
parameters of the robot, one should solve Eq. (11) and (12)
simultaneously which leads to:



The 7™ RoboCup IranOpen International Symposium and the 5™ joint conference of Al & Robotics

TABLE XIII.

April 12, 2015

STATISTICAL ANALYSIS OF SOME PROMINENT INDUSTRAIL 3-RRR DELTA ROBOTS

ABB-IRB 360/1

YASKAWA-MPP3S

KAWASAKI-YF03N

FANUC-M3iA

OMRON-R6Y3

v 2228 22.69 2243 2223 2247
Fy =441 =2.14 =273 =1.81 =36
ABB-IRB 340 IRC5 YASKAWA-MPP3 KAWASAKI-YS02N FANUC-M2iA/3SL BONMET-BR-2-Delta-R800
8 a
H : #., .A 2 l _I
3 \ g 3 =&
. L
, , 8 ?] ‘ mtfg‘rﬁ?aw ——— | g
) ‘ R | [ ‘ e, -
L 2600 o
Ky =222 =2.66 =2.0 =231 =242
H: =433 =2.28 =1.98 =191 =2.6
b. All values are extracted from datasheets and CAD models of the depicted robots, available in their websites.
f . H
T — 1
_ Jint: g n'
TR e =10 p.
\ ) o ) (13) f e
o o ey AU S B LA — U — i al q
T e = 1L ™ K.l oore =100
. EAH eonlly, + BU +Ey[ care — 1} —H oln e}
L Ly — 10+ K cass — 100
H

VY7

Figure 4. The Specified Workspace Parameters
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where
o omogin g+ (14)

According to Eq. (11), in Eq. (13) all angles in the interval

@« @« rwhich satisfy ¢ ; are acceptable. As it can be
observed in Eq. (13), if the value of is increased, then the
geometric parameters , , and increase as well. Therefore,
downsizing of the geometric parameters of the robot is
obtained by selecting the smallest value of .

sl Fmip

In Table 1 a statisticalanalysis for some famous industrial
3-RRR Delta robots has been presented based on and
parameters. As it can be seen in Table 1, the interval changes
for these parameters are 2= K, < and 18« K, =,
These intervals will be usedin the suggested design process.

Design Procedure by the Suggested Approach

Figure Sprovides the design procedure by the suggested
method to determine the geometric parameters of the robot.In
order to clarify this approachprocedure, an application example
has been presented in what follows.

Practical Design Example

As an application example to indicate advantages of the
suggested method in the design of the Delta robot, a cylindrical
workspace is given with radius R =330 and height

H — 200 was a desired workspace. The objective is to

calculate the geometric parameters , , and
Assuming the  angle to be , Le, = . Letting
By =2, K36, fuyax— and fin —,  the

geometric parameters of the robot will be reached from Eq.
(13) as follows:

ZeZ 56 mm

oBd B2 mm
- F58 L6 mm
=126 58 mm

(15)

The obtained results is not satisfied ¢ ,then we select a

new angle, i.e., & = - which leads to:
: - EI 'L'i i
.E_ = FZ2e2mm
p = 0,08 nmm (16)
= |: e ':r et

V7Y

Start

Figure 5. Design Flowchart by the Suggested Approach

The above results are the minimum admissible design
parameters for the robot which ¢ is fulfilled. The obtained
results show the values of and are too small and these are
not suitable for mechanical design by considering mechanical
interferences and design constraints. For example, the
minimum required base radius is = 20¥r, then by

increasing  to a:, ie., & = 3 we can reach below
values:
IEL = ¥9.53 rmm
L B e
b= BEEED
b= EE07 mm (7
= :I:-laww

The above obtained values show that the design procedure
has been done successfully. The workspace of the designed 3-
RRR Delta robot is depicted in Fig. 6. Moreover, Fig. 14 shows
theMSW, in which the desired workspace is included
completely.

CONCLUSIONS

In the current study, anovel approach for kinematics-based
design of the 3-RRR Delta robots with a given workspace was
proposed The foundation of the suggested design method is
based1dh a new suggested concept called the Maximum
Surrounded Workspace.Additionally, a statistical analysis for
some prominentindustrial 3-RRR Delta robots was presented to
findthe relationships exist between their kinematic parameters.
The derived relationships were then augmented in the
suggested design technique. The obtained results of a practical
design example proved the merits of the suggested method in
terms of good performance, and facility of the suggested design
mannerfor 3-RRR Delta robot.
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Figure 6. The workspace of the design example

xl

Figure 7. The Maximum Surrounded Workspace of the design example
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: Algorithm: Pseudocode for CLCFPSO-IW

Environment Variable Definition
Global & Local Variables Definition
Search Domain Variable Definition Base on Benchmark Function
ForEach Particle // Population Definition
Initialize Particle
End For
For Each Iteration
Evaluate W Coefficient for Current Iteration by Fuzzy Inference System (FIS)
For Each Dimension //Separate Swarmsto Number of Dimension for Using Cooperative Method
For Each Particle
/! Comprehensive Leaming Section
Generate Seed Randomly Between 0 and 1
If Seed <= Threshold
Selecting Two Particles (P1.P2) from Swarm Randomty
Selecting Better Particle Between (P1.P2)as PS by Toumament Selection Method
Update Velocity of Ezch Dimension of Particles By Using PS PBest Instead of Particle PBest
Update Position of Each Dimension of Particles By Using PS PBest Instead of Particle PBest
Else

Update Veloeity of Ezch Dimension of Particles
UpdatePosition of Each Dimension of Particles

End I //End of If Seed <= Threshold
ExaminedFvaluate Context Vector (CV) of Cooperative Method
Update Personal Best (PBest) of Each Dimension of Particles
Update Global Best(GBest) of Each Dimension of Particles
End For //End of ForEach Particle
Update Context Vector (CV) of Cooperative Method
End For (/End of For Each Dimension
FEnd For //End of For Each Iteration
Display Results
Return GBest
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Crossover %

Mutation % 0.1
Mutation Rate % 1
Selection Procedure Roulette Wheel
Iteration 1000
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Number of Empires/Imperialists 10
Assimilation Coefficient (B) 2
Revolution Probability 0.1

Revolution Rate 0.05

Selection Pressure (o) 1

Colonies Mean Cost Coefficient (%) 0.1
Iteration 1000
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Proposed Algorithm:

I: Initialize Mother swarm

2:  Repeat

3: Calculate rey

4: Mother swarm movement based on PSO procedure()

5: For each Child swarmi //Mother swarm_exclusion()

6: Calculate Euclidian distance between Mother Gbest and Gbest;

7 If the distance< r., Then Re-Initialize Mother swarm

8: If Mother swarm is converged Then

9: Create new Child swarm in place of Mother swarm

10: Update rexcl

11: Re-Initialize Mother swarm

12: Choose one non_best Child swarm randomly based on their probabilities
13: Execute PSO procedure on Best Child_swarm and chosen non_best Child_swe
14: For each Child _swarm i /Childs_exclusion()

15: For each Child swarm j

16: If Euclidian distance between Gbest; and Gbest; < rey.; Then
17: Kill weaker Child_swarm

18: Update rexci

19: For each Child swarm i /Test for change

20: Re_ Evaluate Gbest;

21: if /(Gbest;) is different from saved value in memory Then

22: Change is occurred

23: If Change is occurred Then

24: Re_evaluate all particle positions in Mother swarm and update their Pb
25: Update Shift severity

26: For each Child swarm i

27: Execute equations (1) and (2)

28: Until number of performed function evaluations == max
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Parameter Value

Number of peaks, M 1,5,10,20,30,50,100,200

Change frequency | 500,1000,2500,5000,10000

Height change 7.0

Width change 1.0

Peaks shape Cone

Basic function No

Shift length 1,2,3

Number of 2,345
dimensions, D

Correlation 0
Coefficinet, A

peaks location range [0—-100]

Peak height [30.0 — 70.0]

Peak width [1-12]

Initial value of peaks 50.0
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NUMBER OF PEAKS
ALG. C-F
1 5 10 20 30 50 100 200
SO(5,59)[5] 673.42)  91(0.76)  [2(034)  [70.25)  [0(0.21)  [2(0.20)  l4(0.16)  [9(0.17)
hQSO[7] 2(0.32) 7(0.56) 70042) 2034 [0039)  [7(0.32)  |4(031)  [8(0.19)
SO[8] 1(0.48) 9(0.26) 90.23)  [10.19)  ]3(0.17)  |6(0.18)  |1(0.17) _ |8(0.14)
hPSO[9] 3(0.49) 0(0.31) 6(0.27)  [1(020)  [30.18)  P(0.17)  |5(0.16)  |5(0.16)
SO [10] 1(0.14) 5(0.11) 6(0.11)  [10.08)  [3(0.07)  |5(0.06)  [8(0.06)  0(0.04)
NAFSA[11]
Loty 22,550 4(0.08) 6(0.14) 6(0.18)  [5(0.19)  [1(0.15)  [1(0.21)  [9(0.12)  [5(0.09)
SO(5.59)[5] 60(1.63)  [6(0.38) 10022)  [50.15)  |10.15)  [70.13)  [3(0.13)  [4(0.11)
hQSO[7] 3(0.31) 0(0.32) 6(0.40)  |6(0.47)  [0(0.38)  |6(0.14)  [7(0.45)  [5(0.26)
SO[8] 4(0.24) 3(0.16) 70.18)  [70.13)  [5(0.12)  B(0.10)  ]0(0.09)  [8(0.09)
hPSO[9] 0 6(0.26) 7(0.08) 100.07)  16(0.12)  3(0.09)  ]6(0.03)  |4(0.08)  [5(0.08)
SO [10] 2(0.04) 9(0.09) 70.08)  [3(0.06)  [20.04)  [1(0.03)  ]6(0.04)  [1(0.02)
NAFSA[11]
Lty o5 8(0.03) 4(0.03) 8(0.09)  [9(0.09)  [8(0.11)  [8(0.10)  [0(0.07)  [5(0.07)
SO(5.59)[5] 4(0.64) 6(0.21) 2(0.14)  [8(0.13)  [3(0.10)  []3(0.10)  [8(0.08)  [0(0.06)
hQSO[7] 7(0.11) 6(0.19) 90.10)  PB(0.11)  |40.18)  [8(0.15)  ]3(0.14) _ [7(0.12)
SO[8] 9(0.10) 4(0.12) 6(0.16)  [7(0.11)  [5(0.08)  6(0.07)  |1(0.05)  |6(0.05)
hPSO[9] 0 5(0.10) 2(0.11) 9(0.16)  [6(0.09)  [7(0.05)  [5(0.05)  [2(0.04)  |1(0.04)
SO [10] 6(0.03) 5(0.05) 70.07)  [1(0.05)  [1(0.02)  6(0.02)  [2(0.02)  4(0.01)
NAFSA[11] 5(0.06) 0(0.05) 30.08)  [6(0.09)  |4(0.09)  [9(0.08)  [0(0.07)  |1(0.06)
TSP 6(0.02) 8(0.05) 100.02)  [2(0.03)  [6(0.05)  [0(0.05)  [7(0.05)  [5(0.05)
SO(5.59)[5] 4.92(0.21)  |1.82(0.08)  [1.85(0.08) [2.48(0.09) [2.51(0.10) [2.53(0.08) [2.35(0.06) [2.24(0.05)
hQSO[7] 0.51(0.04)  [1.01(0.09)  |1.51(0.10) [2.000.15) [2.19(0.17) [2.43(0.13) [2.68(0.12) [2.62(0.10)
SO[8] 0.90(0.05)  [1.21(0.12)  |1.61(0.12) [2.05(0.08) [2.18(0.06) [2.34(0.06) [2.32(0.04) [2.34(0.03)
hPSO[9] ’ 0.87(0.05)  [1.18(0.04) [1.42(0.04) |1.50(0.06) [1.65(0.04) [1.66(0.02) [1.68(0.03) |1.71(0.02)
SO [10] 0.53(0.01)  [1.05(0.06)  |1.31(0.03) |1.69(0.05) [1.78(0.02) [1.95(0.02) [1.95(0.01) |1.90(0.01)
0.38(0.06)]  0.55(0.04)] 0.90(0.03)] 125(0.06) 1.47(0.05)| 1.68(0.05)| 1.83(0.05)] 1.84(0.05)

NAFSA[11]
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ey o y95) 5(0.02) 2(0.004) 0(0.04) 3(0.05) 1(0.06) 6(07) 0(0.05) 7(0.04)
SO(5,59)[5] 0(0.18) 3(0.06) 0(0.07) 4(0.08) 0(0.09) 9(0.07) 5(0.05) 1(0.04)

nQSO[7] 9(0.02) 5(0.04) 6(0.06) 8(0.12) 8(0.09) 5(0.08) 9(0.14) 2(0.10)
SO[8] 7(0.02) 0(0.10) 7(0.04) 4(0.08) 3(0.05) 7(0.04) 0(0.03) 8(0.02)

hPSOI[9] 00

SO [10] 5(0.01) 7(0.03) 2(0.02) 3(0.02) 9(0.02) 6(0.01) 8(0.01) 6(0.01)

NAFSA[11] 2(0.03) 9(0.03) 5(0.02) 2(0.03) 0 (0.03) 3 (0.04) 3(0.04) 1(0.04)
@oleiay pi s8] 7(0.01) 8(0.03) 4(0.03) 8(0.02) 6(0.03) 0(0.04) 8(0.04) 9(0.05)

Voo g B YBe e Ve B i sl Ll 3 il slo ald oluass LIMPB (59, 5 b w980 5l ol oy 3 bl 5 DT (slas yolin ¥ Jyur

Sl 2l 23l ceoloidiy o258l 5o (mizren il WS
o=l 3l (Sl oals eolatl Lgy slo laore slo il 28,
L )5S ol el 2 a5 el (g0 03l o 05015
il (oo a8 le atws gl Slaslre il o poe 4
8 pole A (LBl jo (i o B o e85
anle | ae lLad )5 05250 slo ald  olas U s oo
Ot A5 (5 &wd G e )BT )0 i e b (B5b
A_>|9...u (RN ° )‘)3 Ml; ° l’"“")?ﬂ‘ @‘)K)é QSA'Q”Q 03sS
4 wa)B C)alo Lu Ge,b )‘ &S 1)?‘ |) S e (51:;:.@ (S g
Al wos Camdge G 4 &S > (gl 03,8 gl atws Koo
Lo ald cdns o Lyl oludl e 5l o yliviiing cov sla
cdl g9y 2 ol iy S LS ST oo (55 ol
Ly slo e slo Sjlazmiy (5 Bgyme 5l (S alie slo
Oz L g oud oo S e gl ald S Loy Sy
=l el 0050 )8 A i o ol 50 S50 g pme pi 93]
YL olhLS 5 oo sums s Slslie 5 Sliole;]
NG PPN\ PESIPC IR |

u.)‘ )\) AW R LS[)}J Ja...?m 4\5 w‘ )50 ul;Lw LJl.‘> u.s‘ L|
8 Likbg cod 1y Ly (5l agy Jlaw 5l cise s allis
el as wil e glo il 5 Lol i glls ol (S
555 oslisal Lgil o sl csolgiiny e, ol s
oleiiny w)oNl sd 5 o e a3l (b calple
Oglitte by iz 5 elem L bigy g5l e e > sl
a3l STl sl coslio sl a5 Wil (oo

Yoy¥

Al o JLed 1=l Job 10 o)lgan 3 jole s (puizmen
s aog Laiwo cpl JJo fed 4) 09, god Dlg> 4
W3 )0 A g0 i L Ao 1 (gogumme olawi g Jled
S50 bais ass 6]Lo.‘l.>| o ald 8L ol (6 i Cus s
Alwd cgolgiin 10,5l jo a8 il 5l 8,k 5l aanls walgs
Sl (ol S5 52 50 (ol D jgo 4 1 S0 0358 sle
B ‘Gbus (8§ r:L?d\ L ..\.».:‘9; = u.»‘).’l.».: ‘..\.S)b R |),?‘
Ol idigy Cuod Al Was CasBae b |y 0g5 Alols (oS v
ainloy (o o 51 Ll B 39 (o sy ol (nl a5 0 oS
Dy dals Glyie o Jlad u) b sl atws 55 sax
P ad, 5 la 0l ple uised g olpiin o 9Nl
o—bin s s @ 00,630 a5 Wil oulds ey o oS!

b 55 Gl e sl oz oS G Alie cl o
DS asll ol &es il age sl AL 2 sy slo
2l (oo (s dixr Ojpo 4 a5 G3leidny ool o
A il g 5l aS e Olyd laius S s
B VIR RE VRISV | ) IR VEL SRV IR LA PR LR P-5 Y
gla ald sl o dalsg aS ols g5 yole diwo pb a4 il)d
ol Lo ald 3 SO o 10 05,8 aws pbay ola s obxy
o a L8 o 05,8 gl anws ol 1B L o oSl el 5
aS Sygo B ogh oo oo slo a0l il 4 018
Sy Ay i (6 pol o i & o aemme s I ey




The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics

April 12, 2015

Yoo

[6]

[7]

[10]

&=y

T.T. Nguyen, “Continuous dynamic optimisation using
evolutionary algorithms”, Ph.D. Thesis, The University of
Birmingham, 2010.

J. Kennedy, R.C. Eberhart, Particle swarm optimization, in:
IEEE International Conference on Neural Networks, 1995.
Proceedings., 1995, pp. 1942-1948.

J. Branke, Memory enhanced evolutionary algorithms for
changing optimization problems, in: IEEE Congress on
Evolutionary Computation, vol. 3, 1999, pp. 1875-1882.
R.C. Eberhart, Y. Shi, Comparing inertia weights and
constriction factors in particle swarm optimization, in: IEEE
Congress on Evolutionary Computation, Vol. 1, 2001, pp.
84-88.

T. Blackwell, J. Branke, Multiswarms, exclusion, and anti-
convergence in dynamic environments, IEEE Transactions
on Evolutionary Computation, vol. 10, 2006, pp. 459-472.

S. Yang, C. Li, A clustering particle swarm optimizer for
locating and tracking multiple optima in dynamic
environments, IEEE Transactions on Evolutionary

Computation, Vol.14, No. 6, 2010, pp. 959-974.

T. Blackwell, J. Branke, X. Li, Particle swarms for dynamic
optimization problems, Swarm Intelligence: Introduction and
Applications, 2008, pp. 193-217.

M. Kamosi, A.B. Hashemi, M.R. Meybodi, A new particle
swarm optimization algorithm for dynamic environments, in:
Swarm, Evolutionary, and Memetic Computing, 2010, pp.
129-138.

M. Kamosi, A.B. Hashemi, M.R. Meybodi, A hibernating
multi-swarm  optimization  algorithm for  dynamic
environments, in: Proceedings of World Congress on Nature
and Biologically Inspired Computing (NaBIC2010),
Kitakyushu, Japan, 2010, pp. 370-376.

Rezazadeh, M.R. Meybodi, A. Naebi, Adaptive particle
swarm optimization algorithm for dynamic environments, in:
Advances in Swarm Intelligence, 2011, pp. 120-129.

[11] D. Yazdani, B. Nasiri, A.Sepas-Moghadam, M. R.
Meybodi, M. R. Akbarzadeh-Totonchi, "mNAFSA: a
novel approach for optimization in dynamic environments

with  global

changes", Swarm and Evolutionary

Computation, Elsevier, 2014.



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

30 Gilw dae 6l O3 (o awd glw dag v )Nl 215 D g
&> 5w date v 9! 3l (65 0y L Lgy b

el 455 4o e
Sledlbl (5,5l 5 b, wiige 0aSils 958 9y o oMl ol3T olKils

S b
SleMbl (5,58 g bl waige saSiils (yg58 9ty ¢ oDl of;T olKitils

G Lo s

Sl v 5 L5 S5 ) S el o oKl (UMb (5,5Li5 5 Tppall susiigen 00l

ouuS>

2ogdle ol by S oo padi (yloj Job 53 ot (Jluwo digS ol 55 o Lgs (Sudlo b (g5l Aoty aline S jg0 4 (2Blg (SLIS Pluwo 31 (55l
i 398 g )b orezr diwd v 198Ul 1 (e G (oS eyl e ol 53 0,8 JLS lej Jab 50 1) o Cemligo (gl dontr 1055 Iy
ygo @hyd (xox diuws i 5951 31 odlisiwl b (gl pa dionte (g ol o0l Sleddony Loy buxo )0 (55l dinty Fluwo J> gly 59> (55w Aty
I Slez o e ilgi (00 9 Wbl oo Aty S35 9 (Iomo (g (5l (95 (53l Aoty oite 5951 5 oolisin! lilo el 53 00 7 ka0 (bl o] .5 S (20
(610 0y 3 BLEIST (ol (slaeits 19501 10 7 tao (cwll pgdho 95 (s (ol (195 50 w3951 93 il s 3 b I L0551 iy (Smo slalgr (ylno
baze oo )lre ( dg pro 1 4T S ke (SBAE o (59) 2 5Oy (o2 3T ity (il 31 ol L 1059 ity (5 k4 S Ng 3 g0 ol
55 a8l YL S Sy euel Cawsty gl ol 485 51,5 uuliio 3390 puime pi eS| paie I Jole gl b g e (2b5,l Col by

Dl oo ey 5951 5w b duns lio )5 (g0 lgsiany

Gols olods

oS yoie slaald jlae (gom (g5l aige mu sl (DS e ais (giledingy o0l gy dasee (g 5ludigs

o, SO ol [V] as 3,20 Eberhart s Kennedy Lo
Pl GBus (o295 5 (e (S5 59, 31 &5 Sl (53l e “oae
O 5l gdaie slaas s (S ow p dige > ol 4 b 0,5 o Shaialb e Lgy (o#8ly ol 5o g5l ain Jlaws 51 g0l olass
Sodeload (yme Ligy g bl sladaszme )3 iloan sln Lol 0l Jobo 5o (anme Slii b Pl ol e & 1>
45 el (G 5l Gy E555 01 s 3l 68 el USte Al Cd (SIS (gl s A 28L WT > p0 al iy s s
Sl ega ;500 JSie 5 09-dae (395 (s Sen el ool 12 sla Jlu )3 0)ls Seenl Dl s oo 50w 650
Blior b il ey alal> b sliinl M by labae o) 3l Az Slaw pl Jo Gln (rex Gise lapt oSl
o 88 Sl oad sleriny S 93 (nl Jo sl (oo slade ol pt el (e (98 lapt )81 a5l (Gl 035 055
wgdige o )il gl 4y gam slagize Laekys Sl ol S (s abloe D)3 (gnozr ais g3lo aige
e sz 12,80 S a5 (BO) o (3l atge ompsfll 50 Geimen 5 2igd o0 LR dinge S & vege I a5 col
Dblge w9 sled oy 8l g oy Sled ol Sl Camilen gl cnl Sl saz g a4 0B S har e )0 508 D50
5 SbSS lapin ;s plw O 02,8l cpl Koo Sile & S 9 g9 ol Cews el w095 (2 Ken cpl il 1S ol
J ol 9t )3 (s 0)lgen g 009 2 Sen Sl (rex Bep S (nl U Gl celie gy S 09 o (e it 3 (ol
Sl S ) g9 (5le age 0i,s8) Sy cnl o)l ead ol (s 0gme (o Gliee 5 g bame j0 i £85 05 Sl o s
U5 o580 05 o0 s 9 O3l 0 L sladanze sl ol 2Bloe 3> (53le e g8 SeS 4 oSl Gl (e
25 O3t el ol 45 S gy bz ) (Vb e sy Gk VA0 Jlo 0 PSO L )8 (cna ass (53l aie o258

Yof



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

aS 3,5 ke 1, MQSO [¥] &>~ ,» Branke 5 Blackwell
hos ams Jold 5 955 o0 il 09,5 Wiz @ Comer S5 Ol 50
Sy ol e o Kok 0 5 @b psilsS 3 glasli b gy
Ldx 1) ooy 5 95 b 055 (o0 )18 (Bolai slacesdes ;o poilsS
095 WS oo I (Slhgren 09,5 90 &5 (slSin g Slos oS
S lar (o Sen 0o Rlas iS00 suzme adgl (20 ladke | o
Saze adgl (oasladia 1) oy 09,5 (gt o | Kan Laog S ples
Adaptive [0] g5 5 ;0 o ,LSen g Blackwell v .05 o
G Ly 1o 5] Lnog 5 slass o s a8 wis S ke |, MQSO
O 9 45 Sjgmeinl 4 il oo Al u slaald oS e L
ST 09,5 Sy Wi |, S Laog S dan a5 oS o ol Sas wis Shos
WS (o0 SeS o (e e 59,5 1oy 4 45 00,5 Sbml
sl= 1, SPSO) :5> ,» o PSO [V] ge ;0 Li 4 Parrott
s b &S i S S e 08 hhe by iluae Plaw S
s Ol ol Gl e o)ls—en oS el (glo,S 395 oo 0l
Qg &bly o3> aile ouds oy pai Giew 3l gled jo a5 SIS des o le
A 2o slm 1y rog,S o oSl (ol iy o0 S8 52 les o
gl 3 S o [ Rew (love ainge iz Shon & Syl die SO
il o0 dnmgs (Slge ok Cunex ) i

oS wlos, S (Byme |y @y (29,5 Wiz b9, Sy Yang s Li
595 oomtl 9 [A] 9 e Liir 1yl e o |, o3 SassT,
>lg g wleioe L 1) D3 (SaSTn Gl Ally D)3 5l (895
SelSS 3yl ol 5l oslainl b 1) soine (sLad (25 g
Glamb o b old glaes S 5l glarws 5 wisS oo plolids a5
Soa Ly mo s )3 09,5 (s3lwaige ool ookl b1, oo
S [ o LasT ol o ogdle aisS oo i allis sy o8l
Sloog,S pj ]y DI 09 )F a8 wloo )5 (Byme | (gunatis> o)
e 4l S e 4 1SS e g a8 e 18 il
3l p o0 g sl )

S 51 a4 wols @l 1, MPSO s3I [5] 40 o) K 5 casgslS
oyt Sl 95,8 09,5 Wiz 5 g (glad SLiasT sl Wl 09 S
oolil ally 09,5 L vgs ooy 4Bl g el o>gi 51 1o
RE

o9y e waaz o8I SG [V o] e yo e 5 Sloj
9,5 Sz sy Sl O s A W S ke wl)S (giluange
g 00l Al wogd dn larg 5 ol o a4 ol o oolaiwl a8l Sguge
e (s ey S (rlp ogdle 9l e e 00T L3
Tobe bepssS g5 Gl sl ©S Coxdse g S S0 40 S
Slybl Garkas BB pgtlsS 0,5 5l (dove (s97tar sl o8l 0t
s M Olss p5lSe g 0iS o ooliiul o Col Condss oy
St ate a8 55, n eSS 5Le8 o) 2 5SS sl S
sl o0y oliiasl 3 bl o

Yav

7] b e Sl S 5 S 35,5

Sy 3,8 (p e & SIS 4 by 99 (nl S 5 L dlie (ol o
0,05 Lo g ()3 res awd (63 lwdigs piu,y50! b ol
S oo Jol 5t @l wliee S5ee 0)bgd o> (sileaie
Sy goald L alidee bagy i (55, » ooleiiny o ,65]!
@ el by slabaime slojlne on g ne 51 a5 Y] (MPB)
Adaptive 4 [f] mQSO slapn s S ol olLS gas,
ul_.mLo)T @L,.J w00 4_.M.1LQ.A [?] mPSO 9 [&] mQSO
M5 p (Fod B 2L 5l solering o ysS & amo oo LA
sl 2 So9ye ped it o il oe B 0 Jelt dllie ()l
Trbae by ladame b gLl (sl (LS oads plxl sla )5 PSO
Bedoe 4SS 3> Siluding ool 4 e iFu )3 098 o
5 ltalel @l 00,8 oo ik soleiiny wi sl pilez i 50
el g ey it 50 ol 4 Allie Gl (6 S A iaren
ol 20 51|

Ol rezains (gilwding o5l -V

S S & gt okt sl os,F K L S ol
Comdge (59,5 595 4 b allue (glad jo atg Sloz 8L (gl s
L oo iz Djpo 40,3 50 03105 o0 e 41 0,3 B Ly g
3l pl an a bgyo s 5 e i a5 o g0
B e OS>l Al e 2 50 06 g0 Gy yaS Aiiewd 0,8
Ot e (edsl S9d oo 59y A (n e slade 90 4 az gl Lbo)d
Sl jsb 4 0,3 0 sl 55Tl aS sl Srls Ll 51 Gl
pbest 4 el (60,5 4,55 o i Jlade opl el ol Cawo @
Wl oo Zawd 4 PSO Lugi a5 50 o e jloie 090 o0 00usls
O Coxo> ul.u.a 5o L:bo)b r:Lo.: Ja.w}n ;)9"5[’ aS ol Lg)‘d.n.o R
gbest aS ceul Lf‘bs)f 4_>).‘>u Oy e )‘.\M u.v‘ | OMT Cawd
sy 0,8 10 ghest g pbest jlaie g0 Bl 5l ey 09 o 00l

WS (0 594 5 Akl 9o bl og a1

)

t+1 t t t t t
Vij =WV +clrl(pi,j _xi,j) +Czr2(gj _xi,j)
(v)

x!

l+l :xit +vit+1
J‘M‘rz PRSI uLd» wlﬁa C24Cp ‘Lg“']""‘ o9 W as 6)5.'4 aQ
gPpbest 554 g 9P eizmen aiib o (+9)) o5b ,o Solas

sk . gbest

g0 Olyd resdiws gilwdigy i s S —)-F B

by slolaxo

plxl Lgy sladase 0 PSO (siluagy b alal) ;o g0l olivios

] 00



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

solatul o1 o st cdl> sl 4 Adaptive mQSO ol o
S 0,00 05y atws SO L I slal jo 0,551l 5o 0ad oo
30 99290 sladiws plod a5 09 oo ol e wyas Ao
- s S 5 55 ol o ol oud | S aliene glid
Do 45 Fy90 40 A58 &S > ol51 O g0 4 alins sLad o il
5 aila o B alicn (5L 5 Lo g Lo il ofjT s 5,
o=l sboyelly cloglas 5 Lol izl ads, o o 5 T &
e [8] ) illae 55 22,550

e 5l bas Adaptive mQSO o )6 sl 51 98 o 0
s3SI SaS 4y ooy 5l 4; by e GDESE g ouds Sl Laeg 5
3sd 2 5o oy S sl (57 oo gt 0)lisd g0 (il
&L ol aib s prie Adaptive mQSO i ,651 1,2
2 Ll 65y 2 sa ilwaige Jlosl (6l o gbest sl
N aS cowl i gbest bin sl &g a golgiin pi oS!
13900 dmlne 25 O)j9

D!

n = round((swarmnumber +1)/ 4
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//nitialization
Begin with a single free swarm, M =1
FOR EACH particle ni
Randomly initialize v,; X,
pbest,i=Xn;
Evaluate f{pbest,;)
FOR EACH swarm n
gbest,:=argmax{f(pbest,),}
Initialize Test_point
REPEAT
Adapt number of swarms() [5]
Test for Change() 5]
Select some of best swarms
FOR EACH swarm n

Update particles based on particles type() [5]

YOA

&8> (53wt ot oI -

o sl 45 el LS5 2,58 5 (505 55 At o ,s5)
)‘ 6)L._.M.: J)'{_> P b)_.f‘s.c )‘).‘3 o.)LL.M:l 0)9;7 Lg)Lm AM.Q‘J J—‘)LAM
aloads JSis Olsz cpaiz 5l alasd ja s a5 LSS slapy )6l
ol al e 2 0 S sl o LS wlyz 3l o5 an,o8I] o
ad>ye 5o 50 Gl Sledlszr g sl sl Cnl aed s e )
L1y ol Jlacie 5 obsail 1) sams slogl Olg> 3T sl 5 Y
Clez @izl ol sz S Qb aS e il wa (g ke
ol oS acs Y] 0 5 e ploml Ll dore  Solis 4 4> g5 L
WBlos 5 Dz piysNl

J_'>o‘) Olg—ie du g oud adgs al J:>o‘) Olgre 4y Jool ) SG N
Bed e 48,5 55 Jooly (e Gl 4 eizren 5 )l

o ol el gl Y

S oo dmlons Jol) piie o sln 1) (8510 (A

Gl S Sl S (s pite g 03,5 oo |y Lol dea (0
osels ol ulaen 10 (6,50 Jlade b bl psie o (¢
D95

Sgd oo 48,5 (a5 s (g )l> ol laie a4 oads bl ool ) (o
Olg=e am ail Slsz on e 5l e )l Jooly o5 (Jyg0 5o (&
g se QL) 5 Jol) (e

oS o 55 ollan Jool, & gy U1, ¥ oo ¥

Sy ol S ool 0 F

Slr 2l 4 gu il a0, [N 50 05750 s b
L VYT 5 el bty S a LS s S oo (sl alé dlece
a5 ad dil)l (gl al> e iz (608 Wiz o> (53le A ol
o] Csige s sda 53,5 IS gt S i glo 4l e >
5 USiite i, cpl sl T 50 (e sazias Gidu 4 bgsye
slaclsz 09,5 Sz al> o (93,55 45 Al o BO al> o (paiz
Bl oo 335 il Olie Al 5o 5 dazme (giludingy Al e 6,1,
aS HJ o oSl @ o oo om0 [VY] )0 s
St e (Semins 3 g Sl ool LS e (s SO

A oole L)l azdly

GO etion oy oI -F

G lwdage piu 5031 0550 40 0ol atiaS Culae g Lo 4 az g b
oS L 1 5950wy S0l ool clae @d; (sl g D)8 plo-ol
Sy 0,8 s LSl (Gl oS (o0 S 5 o (sl Ay
0,0 b wg ¢ Old  aes s (63lwdigs i3Il b ol

Ao 92 0590 (Ga> (g3luaige
sl 5o ool ol Sla il s a4 (eolpian pi,sNl ol o
[0] ,5 00 zydae 29,5 wix PSO (o, 5l o luilesl PSO



The 7" RoboCup IranOpen International Symposium and the 5" joint conference of AI & Robotics
April 12, 2015

"
xl./,k =X, T steplength, , * rand

bgye o5 Jsb sheplong 5 ool o ramd € ] 0 a5
Lo silS o5l lade ol KT MLU’AI Sl J= ol o ol k4
A el ol plsmean 1) wallS (e 5 005 Al |,
oS s

SO 2 e il 4L (o e dl> e 0)ls )5l o
S so Oleiiny &8 > ofl leslial b gl ol sladl
Slado dlas @ g i s gyl o ol ol polie a5 & jgan] @
72 ) ey s g 00ls E8 > a4 by o5 Jsb b (ne
Oly=e & |y oz jlade 0l Jolo (500 5l 48,50 )0 o5 >
P Jsb plea Ll) gom &S 2 g oS o0 SB 50 g)lx S ol
PS5 sk Lol om0 (3 Jlade &jgan] 1 50 (s oo plovl
S (o0 go Senil (5 o6 b i e oS 00>

iy -0
Aw l_s ol)_o.m r“-‘-’)ﬁj“” U_" sdow M)ji” 6,1)15 ‘ssl)))l C;‘)J
Adaptive 4[f] mQSO lapls as oo s aslis o 5 Sl
L bl cool a8 ,5 18 anslie 0,40 [#] MPSO 4 [6] mQSO
MPB dlis ;0¥ g5l pi L aS Y Jgaz sloyiel b a4 azgs
sloces whgliie (sla yralyb Lgas [Y] conl ooy 00,51 el Bgy2a
5 Ui it e s 5l o Ablo s S8 5 Lol
Beve g¥Oev Nove
Lgie g asloas J1,S5 L Ve Slisleyl .ol oo a3 5 Jlas o
Jalaz ol jo ailoas SO LY Joloz 1o 500 o ,63) s ol o
oale lzd il g 0 e g sl LS jo o laslinl glas

Coge Dygmar g SSSn S @l e dmlie sln el o

B e oS3 o alBYe e b als )

Sl 00 o0lo L)"“L“
sl gl g e sl 8 5 Y Jghir 3 a5 jslilon
u..ul_f)s Lgl)_3 P Cewl grex )ilb ﬁ,.'l.‘a‘ﬁi” dw }‘ 0)|5.<>.Q 6"['@’*""-“ o)

ol 5y el sl MPSO o oS aS alBY e+ 5 YO -

FOR gbest of each selected swarm
Extremal Optimization()
FOR EACH swarm n
Evaluate f(x,,)
IF fix,;) > f(pbest,) THEN
pbesty i =Xy
IF f(x,;) > fgbest,) THEN
gbest,:=X,;
Exclusion() [5]

UNTIL number of function evaluations performed >
max
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