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A B S T R A C T

Congestion in wireless sensor networks causes packet loss, throughput reduction and low energy efficiency. To
address this challenge, a transmission rate control method is presented in this article. The strategy calculates
buffer occupancy ratio and estimates the congestion degree of the downstream node. Then, it sends this
information to the current node. The current node adjusts the transmission rate to tackle the problem of
congestion, improving the network throughput by using multi-classification obtained via Support Vector
Machines (SVMs). SVM parameters are tuned, using genetic algorithm. Simulations showed that in most cases,
the results of the SVM network match the actual data in training and testing phases. Also, simulation results
demonstrated that the proposed method not only decreases energy consumption, packet loss and end to end
delay in networks, but it also significantly improves throughput and network lifetime under different traffic
conditions, especially in heavy traffic areas.

1. Introduction

Wireless sensor networks (WSNs) comprise a large number of small
and cheap sensor nodes with the restricted data processing and
communication capabilities to sense the environment. In event-driven
sensor networks, nodes operate under idle or load states. These
networks are extensively used in several areas such as military
surveillance, habitat monitoring, healthcare, and forest fire detection,
to name a few [1,2]. The following are the main areas in which WSNs
are applied: sensing the environment, collecting data, and processing
them through sensor nodes cooperation and finally transferring the
packets to sink nodes.

Congestion occurs when the rates of incoming and outgoing packets
in the nodes are not equal [3]. When the network congestion occurs,
some packets may be lost due to the limited size of the nodes buffer.
This may result in the reduction of the network throughput as well as
energy wasting. Therefore, congestion control is a crucial challenge in
WSNs. There are several congestion control methods that use trans-
mission rate adjustment [4].

The first study of this kind called Congestion Detection and
Avoidance (CODA) was proposed by Wan et al. [5]. CODA consists of
three main strategies: Congestion detection based on the received
message, hop-by-hop open-loop feedback to the upstream nodes, and

closed-loop adjustment of the transmission rate in the source nodes.
CODA ensures that the network throughput will be appropriate
through adjusting the close-loop rate. In this method, continuous
monitoring of the channel causes abundant energy consumption in
the involved nodes.

ECODA (Enhanced congestion detection and avoidance) [6] is a
good mechanism to detect and avoid the congestion. ECODA uses three
strategies in the face of congestion: At first, dual buffer thresholds are
used for congestion detection. Then, the Flexible Queue Scheduler is
determined for packet scheduling and finally a bottleneck-node-based
source sending rate control scheme is presented to prevent the
congestion. The ECODA mechanism sets qmax(maximum queue) to
inform neighbor nodes about the occurrence of congestion, asking
them to slow down the data sending rate. Two sub-queues in each node
are considered, with one of them being used for a locally generated
packet of a node and another one for route traffic. On the route traffic
queue, packets are grouped by sources. For every source, packets are
sorted by their dynamic priority from high to low. When congestion
happens, the incoming packets get dropped from the tail. Therefore,
the lower priority packets get dropped at first. Thus, using this scheme,
a node drops some low priority packets from either of the queues when
it receives high priority packets from a neighbor. In a bottleneck-node-
based source sending rate control scheme, each node adjusts its data
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sending rate depending upon the neighbor's congestion information.
This method is able to reduce the packet loss and improves other
quality of service parameters.

DRR (Differed Reporting Rate) [7] algorithm uses different report-
ing rates to control congestion. This method mainly runs on each
source node. It uses buffer occupancy ratio as congestion metric. If the
buffer occupancy ratio is greater than the threshold value, then the
congestion notification bit of outgoing packets is set and sending rate of
nodes should be decreased. Otherwise, the congestion notification bit
gets zero and sending rate of nodes should be increased. In this
algorithm, different flow rate components are defined to adjust sensor
nodes reporting rate. In the different reporting rate adjustments,
sensor nodes which are near the sink, have minimum reporting rates
and this rate will rise for the nodes that are away from the sink. The
output rate of a node is set with newly calculated rate until next
congestion notification will be sensed. The main disadvantage of this
approach is that each node determines the transmission rate based on
the congestion notification of neighbor and relative congestion between
two neighboring nodes has no effect on the increase or decrease in
transmission rate.

In [8] an algorithm was presented in order to detect congestion,
using artificial neural network. In this algorithm, buffer occupancy and
traffic rate were taken as the input parameters into a neural network,
with the level of congestion being taken as the network output. This
technique only estimates the congestion level and offers no method for
congestion control. Moreover, this technique only estimates the con-
gestion level at the sink. As a result, it is not able to estimate the
congestion level at the source and relay nodes. Table 1 compares the
proposed method to other congestion- related works. This table
displays the properties of various congestion control protocols in
WSNs. As this table shows, the data classification is the main advantage
that distinguishes the proposed method from other methods. In fact,
having analyzed the various classification methods, the proposed
method uses support vector machine (SVM) [15–18] as a data multi-
classification tool. This allows for more correct data transmission rate
thanks to accurate classification of data. In other words, the accurate
adjustment of data transmission rate in each wireless sensor node leads
to the traffic balancing and congestion control. This improves the
efficiency of the network.

SVM adjusts the transmission rate in sensor nodes in a distributed
manner. Distributed systems only rely on peer to peer communication,
and local decisions finally turn into a global one due to the spreading of
local information [19–21]. SVM is a classification method with two
main components: a kernel function and a set of support vectors. The
support vectors are obtained via the training phase, based on the
training data. New data are classified using a simple computation
which involves only the kernel function and support vectors. SVM is
used to solve various issues related to wireless sensor networks. In [22]
authors focus on how to make SVM work over the sensor network in a
fully distributed manner. They present a new method thereby training
is performed only using one-hop communications between sensor
nodes with low computation capability. This leads to reduced compu-
tational complexity associated with the data fusion process in both
memory and computation, resulting in reduced the overall power
requirements.

In this paper, we present a new method to adjust the data
transmission rate, leading to congestion avoidance in WSNs. To the
best of our knowledge, this is the first attempt to apply SVMs as a
solution to a WSN congestion problem. We have chosen SVMs rather
than other traditional classification methods such as Decision Tree,
Naive Bayes classifier and nearest neighbor classifiers. This is because
SVMs in this problem are able to yield better results than other
methods. In addition, the application of this novel method precludes
the problems emanating from many other methods (problems such as
over fitting and the curse of dimensionality).

The rest of this paper is organized as follows: Section 2 describes

the transmission rate adjustment strategy to control congestion in
WSNs. Section 3 provides a brief background on SVM. The transmis-
sion rate based on SVM tuned by genetic algorithm (GA-SVM) is
presented in Section 4. In Section 5, the performance evaluation is
shown. Discussion about the results is presented in Section 6. This
discussion shows the significant superiority of the proposed methods
over the other methods, using Tukey test. Finally, Section 7 concludes
the paper.

2. The transmission rate adjustment strategy

Bypassing the intermediate local hotspots cannot completely omit
the congestion. In order to solve this problem, we propose a hop-by-
hop congestion control scheme. In this method, each node receives the
MAC layer channel information of downstream node and adjusts data
transmission rate of the current node based on the traffic loading of two
nodes (downstream node and current node). Clearly, if the current
node has more traffic loading than the downstream node, there will be
an increase in the packet transmission rate. In other cases, if the
current node has less traffic than the upstream node, there will be a
decrease in the packet transmission rate.

This strategy affects some metrics of network performance such as
energy saving, transmission fairness, and network throughput. Each
node sends an Awareness Packet (AP) to upstream node and informs it
about its traffic information. When the current node processes the AP
signal received from the downstream node, it should also consider its
own congestion condition and adjusts the data transmission rate based
on this information. Let us consider a packet (p) to be at node v (the
current node), and this node is to forward it to the downstream node
(i.e. node v’). To determine the traffic loading and data transmission
rate in the current node, we define the following metrics:

2.1. Normalized queue length field

The queue length field at node v defines the number of packets in
the node v:

V v Q v( ) = ( ).q (1)

The normalized buffer size at node v (Q (v)) is defined as the buffer
occupancy ratio of node v:

B v Number of packets in the queue buffer
Buffer size at Node V

( ) = .r
(2)

The value of Br (v) which denotes node traffic information is in the
range of [0,1].

2.2. Congestion degree

Sometimes congestion happens because of the burst traffic. When a
burst occurs around node v with low queue length, a lot of packets will
enter queue v at the same time. Therefore, queue length is not solely a
reasonable metric for recognizing the situation of traffic in each node.
To cope with this issue, another metric named ‘congestion degree’ field
is defined. Congestion degree indicates the changing tendency of the
queue buffer in a period of time. The value of Cd is defined as follows:

C T
T

=d
s

a (3)

In Eq. (3), Ta denotes the time interval between the arrivals of two
adjacent data packets in MAC layer and Ts denotes the average
processing time of data packets in the node. If Cd > 1, the arrival rate
is greater than the departure rate of data packets. In other words,
congestion may occur in the near future in this node. As a result, this
node is not a suitable choice for the next relay node.

Assuming that the current node receives the AP signal successfully,
in our local congestion processing method, R is the local node's data
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transmission rate, Rmax is the maximum data transmission rate at each
node, and ΔR determines the extent to which the amount of data
transmission rate in each node is increased or decreased. Let Bv be the
buffer occupancy ratio of the current node (node v) and Bv′ the buffer
occupancy ratio of downstream node (node v’). Both Bv and Bv′ are
within the AP signal. If Bv > Bv′ (ΔB > 0), then the current node is more
congested than the downstream node. Clearly, the local node should
increase its data transmission rate. However, in this case, the conges-
tion degree of an upstream node may be greater than the congestion
degree of the current node (Cv′ > Cv i.e. ΔC < 0). In other words, the
downstream node has more tendency than the current node to change.
In this situation, the algorithm decides to increase or decrease the
transmission rate, using the trade-off between buffer occupancy and
the congestion degree. In summary, when B C∆ > 0, ∆ > 0 the algo-
rithm should increase the data transmission rate. In contrast, when

B C∆ < 0, ∆ < 0 the algorithm should decrease the data transmission
rate. If one of these variables has positive value and the other one has

negative one, it is necessary to make a decision to increase or decrease
the data transmission rate value, using an algorithm.

In this article, the SVM classification method is used to determine
the exact amount of each node's data transmission rate based on traffic
loading information (normalized queue length and congestion degree).
In order to achieve this goal, the number of retransmission packets is
determined based on different values of the buffer occupancy ratio
(ΔB), congestion degree (ΔC) and data transmission rate (ΔR) in an
assumed node. This information is given to SVMs. A support vector
machine divides data into two categories: response variable and
independent variables. The response variable is the number of re-
transmission packets, and the independent variables are ΔB, ΔC and
ΔR. One SVM is designed for each response variable. For instance, data
with zero retransmission value are specified with label 1 and other data
are specified with label −1. Similarly, we obtain the support vector
machine for every retransmission variable. Then, in each node the
system derives the amount of retransmission packets based on the

Table 1
Comparison of various congestion methods in wireless sensor networks.

Protocol Congestion
Detection

Congestion
Notification

Congestion
Con troll

Congestion
notification

H-by-H/
E-to-E

Application
Type

Loss
Recovery

Evaluation
Parameters

Compared
with

Classification
approach

CODA [5] Queue Length
+ Channel
Load

Back-pressure
message

AIMD Explicit H-by-H,
E-to-E

Event No Energy Tax,
Fidelity Penalty

No congestion
control, open
loop control

No

CCF2 [9] Service rate,
scheduling
rate, buffer
length

Information in
header

AIMD method
to Periodic
Rate Control

Implicit H-by-H continuous No Good put,
Fairness, Data
Generation
Rate, Link
Layer Retrains-
missions

alone No

UHCC [10] Packet delivery
ratio, Buffer
size

Information in
header

Rate Control Implicit H-by-H Periodic No Throughput,
Fairness, Loss
Ratio

PCCP, CCF No

Prioritizing,
For Qos
[11]

End to End
packet delay

Feedback
message

Rate Control Explicit E-to-E Event,
periodic,
continuous

Yes Throughput,
Data Loss,
Priority
Achieved

components
of the
protocol

No

FACC [12] Channel
busyness+,
Queue length

Feedback
message

AIMD method
to Rate
Control

Explicit H-by-H continuous No Packet Loss,
Source Rate,
Fairness,
throughput

CODA, NCC No

RCRT [13] High Time to
Re- pair Losses

New Rate in
NACK header,
or Feedback
Rate msg

AIMD Rate
Control

Explicit E-to-E All types Yes Good put, Rate,
Packet,
Reception

IFRC No

ECODA [6] Weighted
Queue length,
Delay
dependent

Information in
header

AIMD Rate
adaptation

Implicit H-by-H Periodic No Throughput, E-
to-E De- lay,
Weighted
Fairness

CODA No

CADT [14] Queue length,
Link Capacity

Information in
header

Rate
adjustment

Implicit H-by-H Continuous No Packet Delivery
Ratio, Packet,
Delivery
Latency, Queue
Length

Alone No

DRR [7] Buffer
Occupancy
ratio

Feedback
message

Rate
adjustment

Explicit H-by-H Event No Packet delivery
ratio, packet
loss ratio,
fairness index,
average energy
consumed

alone No

Neural
Network
Congest-
ion
Detectio-
n [8]

Buffer
Occupancy
ratio+ Traffic
rate

Feedback
message

– Explicit E-to-E Continuous No Congestion level alone Yes

Our Work Buffer
Occupancy
ratio,
Congestion
degree,

Information in
header

Rate
adjustment

Implicit H-by-H Continuous Yes packet loss,
network
throughput,
energy
consumed

CODA,
ECODA, DRR

Yes
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specified values of ΔB, ΔC and different values of ΔR. Finally, the
transmission rate (ΔR) that produces less amount of retransmission
value in accordance with existing ΔB and ΔC is selected as the final
decision.

3. Support vector machine classification

Consider the problem of classifying data in a data space X into
either one of two classes: G or ~G (not G). Suppose that each data point

x has a feature vector x⎯→in some feature space X
⎯→
€ n. We are given k

data points x1, x2,…, xk, called the “training points”, with labels y1, y2,
…, yk, respectively (where yi=1 if xi€ G and −1 otherwise). We need to
predict whether a new data point x is in G or not.

Support Vector Machine (SVM) is an efficient method to solve this
problem. In the case of finite data space (e.g., the amount of data
retransmission in each sensor network), the steps typically taken in
SVM are as follows:

1. Define a kernel function K: X×X → . This function must be
symmetric and the k×k matrix K xi; xj[ ( )]i j

k
, =1 must be positive

semi-definite (i.e., has non-negative eigenvalues).
2.

∑ ∑Maximize W α α y y α α k x x( ) = − 1
2

( , ).
i

k
i i j

k
i j i j i j=1 , =1 (4)

3. Subject to

∑ y α = 0
i

k
i i=1 (5)

α C i i k0 ≤ ≤ , ∈ [ , ]i (6)

Suppose that {α*, α*,…, α*}k1 2 is the solution of this optimization
problem. We chose b=b* so thaty h x( )=1i K i for all i with 0 < Cα*< .i The
training points corresponding to such i( , α*i ) so-called support vectors.
The decision rule to classify a data point x isx€ G if sign (hK(x)) =1,
where

∑h x α y x x b( ) = * ( , ) + *k i k x is a port vector i i i=1→ , supi (7)

According to Mercer's theorem [15], there exists a feature space

X
⎯→
where the kernel K defined above is the inner product of X

⎯→
(i.e. K(x,z)

= < ⃗x z⎯→, > for every x,z€ X). The functionh (.)k represents hyperplane in

X
⎯→
, maximally separating the training points in X (G points on the

positive side of the plane, ~G points in the negative side). It is probable
that SVM has bounded classification error when applied to test data.

The allowance of softness in margins (i.e. a low cost setting) allows
for errors to be made while fitting the model (support vectors) to the
training/discovery data set. Sometimes it can be helpful to allow for
errors in the training set, because it may produce a more generalizable
model when applied to new datasets. In the case of SVM, an important
assumption is that data are linearly separable. Yet this assumption is
not correct in most cases. Initially Cortes and Vapnik [23] set non
negative values as error values for each vector, aiming to find an
optimal hyperplane separating two different classes. Based on the
proposed method, Eqs. 4 to 6 are developed to deal with the
optimization problem, where C denotes the margin regularization
parameter whose function is to strike a balance between the max-
imization of margin width and the minimization of classifier errors.
Should C be set with a big value, more attention would be directed to
error. Such a definition of SVM is called soft-margin SVM [24]. Fig. 1
displays soft margin in SVM.

Some studies have been conducted to analyze the performance
guarantee of SVM [25]. It can be assumed that if the data lie in a ball of
radius B, and that the hypothesis set consists of hyperplanes of width

(the margin), then the V C-dimension is O
⎛
⎝⎜

⎞
⎠⎟

B
ɣ

2

2 [25].

4. Transmission rate adjustment based on GA-SVM

We consider a large number of sensor nodes deployed randomly in
an area. Details of nodes distribution are described in Section 5. The
algorithm is described as follows:

1) At first, we obtain the amount of retransmission based on different
values of B∆ , C∆ and R∆ for several nodes.

2) We divide each data into two categories: independent variables and
the response variable. The former consists of buffer occupancy ratio
(ΔB), congestion degree (ΔC) and data transmission rate (ΔR) and
the latter consists of the number of retransmission packets. So, the
fourth dimension (retransmission) is interpreted by drawing on the
first three dimensions.

3) Train phase: In this step, 80% of data are selected randomly as
training data. Then, we rewrite training phase data by using SVMs
to separate space. One SVM is designed for each response variable.
For instance, at first, data with zero retransmission value are
specified with label 1 and other data are specified with label −1.
Similarly, we obtain the SVM for every retransmission variable. In
this issue, we have 5 SVMs (for retransmission equal to 0,1,2,3 and
more than 3).

4) Test phase: At this step, the remaining 20% of the data are sent to
each of the designed SVMs. In this problem, we achieve 5 outputs
for each data in testing phase. Each output shows whether the data
belong to the respective support vector machine or not. Here, one of
the following scenarios occurs for each data:

– First case: For a number of test data, only one of support vector
machines returns the value 1, and other SVMs return −1. In this
case, the data belong to a corresponding SVM that have been labeled
1.

– Second case: More than one Support Vector Machine returns the
value 1. In other words, some SVMs claim ownership of data. In
these circumstances, we calculate the average distance of data with
these support vectors and assume that data belong to a category with
greatest average distance from its support vector (for example data
A in Fig. 2).

– Third case: Test data have been labeled −1 in the output of all
support vector machines. In other words, the data do not belong to
any classes. In this case, we calculate the average distance of data
with all support vectors and assume that data belong to a category
with minimum average distance from its support vector (for
example data B in Fig. 2).

Fig. 1. Soft margin in SVM.
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Fig. 2 displays how data belong to various SVM classes. The
functions shown in various colors represent the SVM classes, obtained
from the training data. Five colors are used to represent the classes and
there are five district classes. The color of data in each class is the same
as the color of that function.

5) Genetic Algorithm in Support Vector Machine: The proper
functioning of SVM-based classification depends on its parameters.
As a result, each of the support vector machines must be used with
appropriate parameters. In this study, the adjustable parameters
are penalty ratio (C), acceptable error in SVM(ɛ) and the deviation
of the Gaussian kernel function δ( ). The above parameters are tuned
simultaneously for all the support vector machines by using the
genetic algorithm.The genetic algorithm is implemented, using
uniform crossover and uniform mutation [25]. Fig. 3 shows how
genetic algorithm is used to adjust the parameters of SVM.

As shown in the pseudo code, the preliminary responses in
genetic algorithm were produced randomly. In various repetitions
of genetic algorithm, the preliminary responses improved through
uniform crossover and uniform mutation operators in order to
satisfy stop condition [26].

6) Action Phase: At this Step, the system designed by GA-SVMs is
given to all sensor nodes. Each node has certain values of ΔB, ΔC at
any moment. The system has seven discrete selections (values
between −3 to 3) for ΔR. Each node runs SVM seven times (the
algorithm is executed once for each ΔR). In other words, each node
obtains the retransmission value by using the specified values of ΔB,
ΔC and each of seven values of ΔR, selecting a ΔR with a minimum
value of the retransmission as the final decision. It should be noted
that only the action phase is done online while other steps of the
algorithm are taken offline. As a result, energy consumption is
reasonable, using this method.

Fig. 4 displays a flowchart demonstrating the combination of SVM
network (NSVM) with genetic algorithm. As Fig. 4 shows, the datasets
are divided into test and train sets. Genetic algorithm operators obtain
the appropriate values of SVM network parameters in train phase.
Obviously, NSVM is formed, based on parameters obtained from GA
and is used to estimate fitness values for each GA solution. These steps
are repeated until the termination condition are met (50 iterations is
the termination condition in this paper). Finally, the obtained para-
meters in the train phase are transferred to test phase where the
percentage of classification error is estimated, using data in test phase.

Given their limited processing and memory ability, sensor nodes
are not able to process complex operations. Put it simply, as these
nodes have a short life time battery, processing complex operation and
excessive use of sensors will lead to their death. Therefore, it is
necessary to decrease the amount of processing performed by sensor
nodes. This also holds true for wireless sensor network in the proposed
congestion avoidance SVM method. In fact, in the proposed SVM
method, training processes which require relatively high load of
processing are performed at the workstation. Then, the designed
SVMs are sent to the sensor nodes. The action phase which does not
need a high level of processing is implemented in each node, using
designed SVMs in distributed and online mode.

Fig. 2. Displays how data belong to various SVM classes.

Fig. 3. Pseudo code that shows how genetic algorithm is used to adjust the parameters of SVM.
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5. Simulation results

Simulation results consist of two subsections: at first, the perfor-
mance of SVM classification is evaluated. Additionally, the overall error
of SVM method is compared with other classification techniques. Next,
the efficiency of the proposed method is evaluated compared to three
other hop-by-hop congestion control methods.

Matlab version 2013a and NS2 simulator [26] are two main
softwares used to evaluate the efficiency of the proposed protocol.
The Support Vector Machine is implemented using MATLAB and
sensor network environment is implemented using NS2. These two
softwares can be related as both of them use C++.

Test and training data were selected randomly out of 400 data sets.
The table which is attached in Appendix A shows data details and how
they are distributed in train and test sets. The values of packet loss in
this table are calculated based on the values of ΔB, ΔC and ΔR using
NS2 simulator in nodes.

Fig. 5 shows the simulation results. Axes X, Y, and Z represent ΔB,
ΔC, and ΔR, respectively. Data involving zero packet loss are shown in
red. Other data which have various degrees of packet loss are shown in
other colors. Given that the packet loss greater than 4 is useless, all of
these dates are shown in the same color (yellow). Moreover, the higher
and lower bounds for each feature are recognizable through 3D axes in
Fig. 5. For example, data transmission rate is between −4 and +4.

As Fig. 5 shows, since the data complexity is high, it is very difficult
to draw a boundary between distinct classes. As a result, it is not easy to
classify the data, making it necessary to use a powerful tool to classify
data. SVM can be selected as such a powerful classification tool.

5.1. Efficiency of Support Vector Machine Classification

As mentioned earlier, total number of inputs are 400 data in the
simulation, with training phase data and testing phase data making up
80% and 20% of total data, respectively.

As mentioned in the previous section, the SVM system parameters
are regulated by using the genetic algorithm. The population size,
crossover percentage, and mutation percentage are 50, 0.7, and 0.3,
respectively. Designed chromosome in the genetic algorithm is as
follows:

⎡

⎣

⎢⎢⎢

⎤

⎦

⎥⎥⎥

SVM SVM SVM SVM SVM
c c c c c

δ δ δ δ δ

1 2 3 4 5

ɛ ɛ ɛ ɛ ɛ
1 2 3 4 5
1 2 3 4 5

1 2 3 4 5

Fig. 6 shows the convergence graph for the designed SVMs. In this
figure, the horizontal axis and vertical axis represent the repetition of
genetic algorithm and the degree of errors in test data, respectively.

The figure demonstrates that in the testing phase of the proposed
algorithm, after 34 iterations, almost 77% of answers displayed in the
output are accurate. The total number of iterations is 50 reps.
Coefficients obtained by the genetic algorithm for five SVMs are shown
Table 2.

Mean Square Error of each SVM to separate a specific category from
other data is presented in Table 3.

The extent to which the results obtained by the SVM match the real
data is displayed in Fig. 7. Blue and red lines represent the SVM
training phase data and real data, respectively. Fig. 8 shows the
compliance level of the data obtained by the SVM testing phase data
and real data. As can be seen, most of red and blue lines overlap,

Fig. 4. Flowchart of SVM network.

Fig. 5. Simulation result of packet loss with different input values.
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showing high quality of the presented classifier. It is worth noting that
in Figs. 7 and 8, the horizontal and vertical axes represent the available
data and the amount of packet loss, respectively.

In the field of machine learning, a confusion matrix [28], also
known as a contingency table or an error matrix, is a specific table
layout that allows visualization of the performance of an algorithm.
Each column of the matrix represents the instances in a predicted class
while each row represents the instances in an actual class (or vice-
versa). Since the proposed algorithm has been built using five SVMs,
the proposed matrix is a matrix of 5×5. The confusion matrix value of
the suggested method with the eighty test data is presented below:

⎡

⎣

⎢⎢⎢⎢

⎤

⎦

⎥⎥⎥⎥

18 2 0 0 1
1 7 1 0 0
0 2 14 2 1
0 0 5 7 1
0 2 1 0 15

All correct guesses are located on the diagonal of the matrix. Thus,
it's easy to visually inspect the matrix for errors as they will be
represented by values outside the diagonal. Upper triangular elements
are the values which are predicted more than the real data by the
classification system. In contrast, lower triangular elements are the
values which are predicted less than real data by the classification
system. As can be seen in the matrix, 77% of outputs are located on the
diagonal. In other words, 77% of the data are predicted accurately.
Besides diagonal data, upper triangular data in this problem have
acceptable results because the upper triangular elements had expected

higher data transmission rate than the actual transmission rate in the
node. As a result, we can conclude that the predicted values for the
amount of retransmission are mostly correct, based on different values
of the input variables.

5.1.1. Comparing the results of the SVM classifier with other methods
of classification

To evaluate the quality of SVM classification, the overall error of
this method is compared with other classification techniques. The
training and testing data are assumed to be similar in all classification
methods.

5.1.1.1. K-Nearest neighbor algorithm. the k-Nearest Neighbor
algorithm [29] (or k-NN for short) is an optimization algorithm to
find the closest point in metric spaces. The algorithms contain set S (a
number of points in a metric space such as M) and appoint query q∈M.
The goal is to find the closest points in set S to q. In other words, the
algorithm returns K-nearest neighbors to the goal.

Given that the result of the k-Nearest Neighbor algorithm is
dependent on the number of selected neighborhoods, this method is
implemented on the basis of the number of different neighbors as well
as several training and testing data. Simulation results are shown is
Fig. 9.

The blue and red lines in Fig. 9 represent the training and testing
errors based on different neighborhood values. As shown in Fig. 9, the
minimum error for test data is 0.25 and it is obtained when the
neighboring number is two. As shown in Fig. 9, the data errors in the

Table 2
Coefficients obtained for different support vector machines.

Parameters SVM0 SVM1 SVM2 SVM3 SVM4

C 200 115.4864 95.8697 134.8977 68.7600
ɛ 0.0642 0.0732 0.0417 0.0340 0.0421
δ 0.3361 0.9130 1.2785 0.1717 1.1537

Table 3
Mean Square Error (MSE) for the test phase of each SVM to separate a specific category
from other data.

SVM0 SVM1 SVM2 SVM3 SVM4

0.05 0.175 0.1625 0.1 0.1375

Fig. 7. Accordance level of real data and training data.

Fig. 8. Accordance level of real data and test data.

Fig. 6. The convergence graph support vector machines using genetic algorithms.

M. Gholipour et al. Neurocomputing 223 (2017) 63–76

69



train phase are fewer than those in testing phase, with both types of
errors increasing as the number of the neighbors increase.

5.1.1.2. Decision tree. A decision tree [30] uses the tree as a tool for
decision modeling. Decision trees are typically used in operations
research. However, it's used in decision analysis to determine the
strategies that are most likely to reach a goal. The decision tree method
has the following advantages compared to other classifiers:

1. The simple understanding: each person can learn how to work with
decision tree by a little education.

2. Working with complex data: simple decision tree can work with
complex data, making decisions on them easily.

3. The ability to combine with other techniques: the result of a decision
tree can be combined with other techniques of decision-making to
achieve better results. Decision trees are commonly used in opera-
tions research, specifically in decision analysis, to help identify a
strategy most likely to reach a goal. If in practice decisions have to be
taken online with no recall under incomplete knowledge, a decision
tree should be paralleled by a probabilistic model as a best choice
model or online selection model algorithm. Decision trees are also
used as a descriptive means for calculating conditional probabilities.

Fig. 10 shows the decision tree formation to solve the problem. The
test data error of decision tree method to solve the problem is 0.3375.

5.1.1.3. Naive Bayes classifier. Naive Bayes [31] is a simple way to
categorize phenomena, based on the probability of occurrence or non-
occurrence of this phenomenon. Based on the intrinsic properties of
the possibility (especially share probability), Naive method will provide
good results after some initial training. Naïve uses a supervised method
for learning. For example, a fruit may be apple, if it is red, round, and
about 10 cm in diameter. A naive Bayes classifier considers each of
these features to contribute independently to the probability that this
fruit is an apple, regardless of any possible correlations between the
color, roundness and diameter features.

The error rate of test data in Naive Bayes technique is 0.55.

Fig. 9. The training and testing error in k-Nearest Neighbor algorithm based on various
neighborhoods.
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Fig. 10. The graph of binary decision tree results.
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SVM has been selected as the classification tool due to its lower
classification error compared to other methods. Fig. 11 displays the
amount of data classification errors in the graph.

As shown in Fig. 11, test data of SVM classifier has fewer errors
than other methods of classification.

5.2. Discussion about for Performance Evaluation of GA-SVM
Congestion Control

In this subsection, the performance of the proposed method is
evaluated compared to three other hop-by-hop congestion control
methods (i.e. CODA, ECODA, and DDR), using simulation experiments
implemented by NS2 simulator [27]. Also, NS2 is used to obtain the
values of the response variable (the amount of packet loss) on the basis
of the different values of the input variables (ΔB, ΔC, and ΔR).

The following assumptions are made to simulate the sensor
environment: There are 100 homogeneous sensor nodes (including
source nodes and sink node), with the sink being at the upper right
place. The IEEE 802.15.4 standard is used at MAC and physical layers.
Each burst occurred between 120 and 160 s. There are two bursts for
each event which have been shown by the blue marker in Fig. 12. A
summary of the simulation parameters is displayed in Table 4.

5.2.1. Network throughput
Network problems such as channel congestion and overflowed

buffers can cause packet loss. Network throughput (receiving packet
rate (RPR)) is defined as the rate at which the sink receives packets to
the total packets sent via sources. The proposed algorithm predicts the
right amount of data transmission rate. Therefore, congestion is
managed properly and the receiving packet rate is improved. Fig. 12
depicts the rate at which the sink received packets in the proposed

scheme compared with three other congestion control methods.
Obviously, when traffic load increases, a larger number of packets

enter into the network. As a result, there is a possibility of congestion,
which drops the packets. Practically, CODA dropped most of the
packets in the burst places. The proposed method improves the packet
delivery ratio by adjusting the transmission rate.

Previous experiments demonstrated the ability of our method to
receive maximum packets in the sink in burst and heavy traffic
environment. Now, we configure the light load environment to
investigate the compatibility of our method to various loading envir-
onments. Fig. 13 shows that almost all methods are good during the
light loading network. However, due to congestion near the sink node,
the proposed method has a better receiving packet rate than the others.

5.2.2. Energy efficiency
The energy consumption in the nodes and lifetime are two

important factors used to evaluate the energy efficiency of network.
Energy consumption evaluates the medium energy consumption per bit
needed to successfully transmit a packet to the sink, i.e., the ratio of the
sum of consuming energies to send or transmit all packets at all nodes
and total bits in data packets received at the sink. The energy

Fig. 11. Comparison of test data classification error in different classifiers.

Fig. 12. Receiving packet rate under two bursts.

Table 4
Simulation parameters.

Simulator name NS-2 Version

Physical layer Protocol IEEE.802.15.4
Beacon mode Enable
CAP transmission Type Direct, Using CSMA/CA
CFP transmission Type GTS Transmission
Radio Type Radio-Accnoise (Standard radio

model)
Node Placement Random
Application Type Event Driven
Frequency band 2.4Ghz
Link layer transmission rate 250kbps
Range of Channel Connection Window

size
[1,63]

Maximum CSMA/CA Attempts 4
Simulation Time 400 s
Area Size 100 m *100 m
Network Architecture Homogeneous, Flat
Number of nodes 100
Largest Depth 20
Average Node degree 6
Sink Coordinate (15,15) m
Communication Radius 5 m
Packet Size 25byte
Buffer Size Packets

10
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consumption in each node is made up of two parts: first part is the
energy consumption due to processing at the sensor nodes and the
second part is the energy consumption for communicating and receiv-
ing all packets, including data, acknowledgement (ACK), and AP
packets. Table 5 shows the average energy consumption per bit, using
different methods. The proposed method manages congestion better
than other methods. Therefore, the amount of packets lost (due to
packet collisions or full receiver buffer) is less than that in other
methods. This results in less retransmission, energy saving as well as
avoidance of energy wasting.

Network lifetime represents the duration in which the algorithm is
run until the first node dies. As Table 6 shows, GSVM involves the
longest network lifetime compared to other methods, because it can
manage the traffic better that other methods through exact adjustment
of the transmission rate. Therefore, the number of packets lost in the
proposed method is less than that by other methods, leading to reduced
packet retransmission in nodes.

5.2.3. Normalized buffer size and end to end delay
Fig. 14 shows the normalized buffer size Q (v) over time for the

nodes engaged in the packets transfer. The mean size of normalized
buffer is a tool that is essentially used to measure the delay. The higher
normalized buffer leads to an increase in delay. This is because when
the normalized buffer size increases, the collision and overflow of
packets are more likely to happen, leading to resending and the delay in
the transfer of the packets. As Fig. 14 shows, all methods involve a
bigger normalized buffer size at burst time (interval of 120–160 s and
240–280 s) compared to other times. The mean amount of normalized
buffer size in the proposed methods is in a blue line, showing better
results compared to other methods. The appropriate adjustment of
transmission rate in the nodes and sending the suitable amount of

packets to the next node are the two main factors contributing to this
good performance.

The average end to end delay is another essential parameter
evaluated in GASVM. End to end delay is defined as the time required
send a packet from the source to the sink, including the transfer
duration, the processing in relay nodes, and the resending of the
packets as they may be lost. Delay parameter is considered as one of the
essential issues in real-time applications. Fig. 15 shows that the
amount of delay using GASVM is the least compared to other methods.
The correct transmission rate adjustment leads to a decrease in lost
packets and hence a decrease in resending of packets. This, in turn,
leads to decreased delay.

6. Discussion

We used Tukey test to compare algorithms performance. Tukey test
[32] is a more general form of t-test used to compare the receiving
packet rate of various algorithms. In variance analysis tests, the
independent variable or grouping variable has more than two levels,
with dependent (output) variable being a quantitative one. This test is
used to examine the difference between means of multiple groups
(more than 2 groups or inputs).

To compare these algorithms receiving packet rate, we used a
hypothesis test presented in Eq.8. If the ANOVA test is significant, then
the Tukey test is used for algorithms grouping. ANOVA test only shows
the difference among the means. It doesn’t indicate which group has a
mean, different from other groups. Using the Tukey test, these
differences can be identified.

Fig. 13. Receiving packet rate under light load.

Table 5
Comparison of energy consumption percentage between Methods.

Method CODA ECODA DDR SVM

Average energy consumption % 98.2 75.6 72.3 60.5

Table 6
The average values of network lifetime in different methods.

Method CODA ECODA DDR SVM

Second 198 221 239 292

Fig. 14. The normalized buffer size Q (v) over time.
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As ANOVA Table 6 shows, there is a significant difference among
the methods. As a result, the H0hypothesis is rejected. To have a better
analysis, Tukey test was used in the burst times (simulation 120 s and
160 s).The Tukey-test results are shown in Table 7. The receiving
packet rate at the burst time was adopted as the ranking criterion in
this table.

Table 8 represents algorithms grouping where GASVM belongs to
group A. DDR and ECODA belong to group B and CODA belongs to
group C. It means that difference between mean of GASVM and those
of other algorithms is significant. Furthermore, the difference between
the mean of DDR and that of CODA is significant. Moreover, the
difference between mean of ECODA and that of CODA is significant.
But the difference between the mean of DDR and that of ECODA isn’t
significant.

As the Fig. 16 shows, there is a significant difference between
receiving the packet rate at bursting time obtained from the proposed
method and those obtained from other methods. These results prove
that GASVM algorithm is preferred at a confidence level of 95%. Now
by checking the Box-Plots of algorithms, presented in Fig. 17 it is clear
that GASVM works better than other algorithms. Box plot shows the
results of all runs.

7. Conclusion

Many studies have alluded to the capability of various methods in
classification, with a focus on the applications of SVM. Also, different
researchers have taken different approaches to the investigation of the
congestion problem in WSNs. However, no study has examined the
efficiency of classification-based methods. This study aims to investi-
gate the role of such methods in solving congestion problems in WSNs,
using multiple classification methods. Indeed, this study develops a
method, combining SVM network and genetic algorithm.

This algorithm avoids congestion while increases the throughput
and the number of packets delivered to the sink node. Additionally, this
approach decreases energy consumption at the nodes as well as the
number of collisions at intermediate nodes.

This method adjusts the data transmission rate of each node by
taking into consideration the traffic in the current and downstream
nodes. To achieve this goal, a classification method by SVMs is
presented. This method obtains the retransmission value by using the
specified values of the buffer occupancy ratio, congestion degree and
each of the different values of the transmission rate. Afterwards, each
node selects a transmission rate with a minimum value of the
retransmissions as the final decision. A genetic algorithm is used for
tuning SVMs parameters.

Simulations show that SVM is the best tool for data classification. In
addition, simulation demonstrates that the proposed method results in
higher throughput and less energy consumption. Tukey test was used
to demonstrate the significance superiority of the proposed method
over other methods. The superiority of the solution proposed by this
paper, compared to other classification methods (e.g. k-Nearest
Neighbor algorithm, decision tree and Naive Bayes Classifier) is due
to its efficiency in dealing with the complex data. As discussed in the
paper, the data complexity contributes to the difficulty of data
classification. The proposed SVM in this paper has adapted with the
data complexity, thanks to adjusting its parameters by genetic algo-
rithms.

Table 7
One-way ANOVA to compare Methods.

Source DF SS MS F P-value Result

Factor 3 24416.8 8138.9 169.42 0.000 Rejected
Error 160 7686.5 48.0
Total 163 32103.2

Table 8
Grouping information using Tukey test.

Algorithm N Mean StDev Grouping Rank

GASVM 41 53.976 8.748 A 1
DDR 41 40.366 6.020 B 2
ECODA 41 38.366 7.921 B 3
CODA 41 19.707 4.082 C 4

Fig. 16. Individual 95% CIs for Mean Based on Pooled StDev.

Fig. 15. The average end to end delay.

Fig. 17. Box-plot for evaluating statistical results graphically.
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Appendix A. Data details and how they are distributed in train and test sets

o ΔB ΔC ΔR RT DT No ΔB ΔC ΔR RT DT No ΔB ΔC ΔR RT DT No ΔB ΔC ΔR RT DT

1 −0.4 −0.8 −2 0 Test 51 0 −0.7 0 2 Train 101 −0.7 −0.6 −3 0 Train 151 0.5 0 0 2 Train
2 0.8 −0.4 −2 2 Test 52 0 0.8 0 2 Train 102 −0.9 −0.9 −3 0 Train 152 0.7 0 0 2 Train
3 −0.2 0.9 1 0 Train 53 0 0 −1 1 Train 103 −0.8 0.7 −3 1 Train 153 0.8 0 −1 3 Test
4 0.9 0.3 −1 4 Test 54 0 0 1 1 Train 104 −0.5 −0.6 −2 0 Train 154 0.6 0 1 0 Test
5 −0.7 −0.5 1 4 Train 55 0 0.6 1 0 Train 105 −0.4 −0.4 −1 0 Train 155 0 0.3 0 0 Train
6 0.8 −0.2 1 0 Train 56 0.2 0 1 0 Train 106 −0.3 −0.3 −1 0 Train 156 0 0.5 0 1 Train
7 −0.2 0.8 1 0 Train 57 0.7 0.3 3 0 Test 107 −0.1 −0.1 −1 0 Train 157 0 0.7 0 2 Train
8 0.3 0.5 1 0 Train 58 0.5 0.4 0 3 Train 108 0.8 0.8 3 0 Train 158 0 0.9 0 3 Test
9 0.8 0.8 3 0 Test 59 0.6 0 2 0 Train 109 0.7 0.5 2 0 Train 159 0 0.3 0 1 Train
10 0.9 0.7 3 0 Test 60 0.5 0 0 2 Train 110 0.5 0.1 2 0 Train 160 0 0 0 0 Train
11 0 −0.5 0 2 Train 61 −0.7 −0.9 3 4 Train 111 0.3 0.2 1 0 Train 161 −0.1 −0.9 −1 2 Train
12 0 0.6 0 2 Test 62 0.7 0.9 −2 4 Train 112 0.1 0.1 1 0 Train 162 0.1 −0.7 −1 0 Train
13 0 0 0 0 Test 63 −0.5 −0.7 −3 0 Train 113 0.1 0.8 2 0 Train 163 −0.1 0.7 −1 1 Train
14 0 0 1 1 Train 64 0.5 −0.5 −1 1 Train 114 0.2 0.7 2 0 Test 164 0.7 −0.1 −1 2 Train
15 0 0 0 0 Train 65 0.5 −0.5 1 0 Test 115 0.8 0.1 3 0 Train 165 −0.1 −0.6 1 4 Train
16 0 0.3 1 0 Train 66 0.5 −0.3 1 0 Test 116 0.7 0.2 3 0 Test 166 0.1 −0.5 1 2 Train
17 0 0.6 −1 2 Train 67 0.1 −0.8 −1 0 Train 117 0.1 0.1 0 0 Train 167 −0.1 0.7 1 0 Test
18 0 0.9 −2 4 Test 68 0.4 0.6 2 0 Train 118 0.1 0.1 0 0 Test 168 0.7 −0.1 1 0 Test
19 0 0.7 −2 3 Train 69 −0.2 0 2 1 Train 119 0.2 0.1 1 0 Train 169 −0.1 0.1 1 1 Train
20 0.1 0.1 0 1 Test 70 0.4 0 0 1 Train 120 0.1 0.2 0 0 Train 170 −0.1 0.1 −1 0 Train
21 −0.1 −0.1 −1 0 Train 71 0 −0.1 0 0 Test 121 −0.8 −0.7 3 4 Train 171 0.2 −0.2 0 1 Train
22 0.8 −0.8 1 0 Train 72 0 0.4 0 1 Train 122 −0.4 −0.4 1 3 Test 172 0.2 −0.2 1 0 Train
23 −0.8 0.8 1 1 Test 73 0 0 −1 2 Test 123 −0.6 −0.6 2 3 Train 173 0.2 −0.2 −1 1 Test
24 0.5 0.5 −1 3 Test 74 0 0 1 1 Train 124 −0.5 −0.5 1 3 Train 174 0.3 −0.3 1 0 Train
25 −0.7 −0.7 1 4 Train 75 0.4 0.2 1 0 Test 125 −0.5 −0.5 3 4 Test 175 0.2 −0.7 −1 0 Train
26 0.3 −0.3 1 0 Train 76 0 0.8 0 2 Train 126 0.5 −0.2 1 1 Test 176 0.2 0.8 0 2 Train
27 0.3 −0.3 3 1 Train 77 0.1 0 0 1 Train 127 −0.9 0.8 2 3 Train 177 0.8 0.2 0 2 Train
28 0.8 0.2 3 0 Train 78 0.4 0.5 0 3 Train 128 −0.1 −0.1 0 1 Train 178 0 0 2 2 Train
29 0.8 0.2 3 0 Train 79 0.1 0.1 0 1 Train 129 −0.1 −0.1 0 1 Train 179 0.5 −0.5 0 1 Train
30 0.6 0 0 2 Train 80 0.2 0.1 0 0 Train 130 0.8 0.6 −2 3 Train 180 0.5 −0.5 −1 2 Train
31 0.6 0 1 1 Train 81 −0.7 −0.5 −1 1 Train 131 0.9 0.7 −2 4 Train 181 0.5 −0.5 1 0 Train
32 0 0.8 0 2 Train 82 0.6 −0.1 −1 2 Test 132 0.7 0.5 −2 3 Test 182 0.2 −0.7 −1 0 Train
33 0 0.3 −1 2 Train 83 −0.6 0.1 −1 0 Train 133 0.4 0.3 −1 3 Train 183 0.2 −0.7 1 1 Train
34 0 0.6 2 0 Train 84 0.5 0.3 −3 4 Train 134 0.2 0.1 −1 2 Train 184 0.2 −0.7 0 1 Train
35 0 0 0 0 Train 85 −0.6 −0.7 1 4 Test 135 0.1 0.2 −1 1 Train 185 −0.7 0.2 1 2 Train
36 0 0 0 0 Test 86 0.6 −0.6 1 0 Train 136 0.3 0.1 0 2 Train 186 −0.7 0.2 −1 0 Train
37 0 0 0 0 Train 87 −0.5 0.5 1 2 Train 137 0.1 0.3 0 2 Test 187 −0.7 0.2 0 1 Train
38 0 0.2 0 1 Train 88 0.9 0.9 4 0 Train 138 0.6 0.1 −2 2 Train 188 −0.7 −0.1 1 3 Train
39 0.2 0 0 1 Test 89 −0.7 0 0 3 Train 139 0.5 0.1 −2 3 Train 189 −0.1 0.1 0 1 Train
40 0 0 0 0 Train 90 0.5 0 0 1 Train 140 0 0 0 0 Train 190 −0.1 0.1 1 1 Train
41 −0.5 −0.3 −3 0 Train 91 0 −0.1 0 0 Train 141 −0.1 0 −1 0 Test 191 −0.1 0.1 −1 0 Test
42 0.5 −0.5 −1 1 Train 92 0.3 0.6 −2 4 Train 142 0.1 0 1 0 Train 192 0 0.1 1 1 Train
43 −0.5 0.5 −1 0 Train 93 0 0 −1 1 Train 143 −0.7 0 −2 0 Train 193 0 0 −1 1 Train
44 0.6 0.7 −1 4 Train 94 0 0 1 1 Train 144 0 0.1 −1 1 Train 194 0 0 1 1 Train
45 −0.7 −0.7 2 4 Train 95 0.1 0.1 0 1 Test 145 0 −0.1 0 0 Train 195 0 0 0 1 Train
46 0.5 −0.4 1 0 Train 96 0.5 0.5 3 0 Train 146 0 −0.7 0 2 Train 196 0 0 0 0 Train
47 −0.1 −0.8 1 3 Train 97 0.4 0.5 2 0 Train 147 −0.7 0 0 3 Train 197 0.5 0.6 2 0 Train
48 0.7 0.1 2 0 Train 98 0.6 0.4 3 0 Train 148 −0.4 0 1 2 Train 198 0.5 0.6 −1 3 Train
49 −0.1 0.6 0 1 Train 99 0.5 −0.1 1 0 Train 149 −0.1 0 0 0 Train 199 0.5 0.6 0 2 Test
50 0.1 −0.1 1 0 Train 1 0.6 0.4 2 0 Train 150 0.6 0 0 2 Train 200 0.3 0.4 0 2 Train

ΔB ΔC ΔR RT DT No ΔB ΔC ΔR RT DT No ΔB ΔC ΔR RT DT No ΔB ΔC ΔR RT DT

201 −0.4 −0.8 2 4 Train 251 −0.4 −0.7 0 3 Test 301 −0.8 −0.8 3 4 Train 351 −0.4 −0.7 2 4 Train
202 0.8 0.4 −2 3 Train 252 0.2 0.8 0 3 Train 302 0.8 0.8 −2 4 Train 352 0.2 0.8 1 1 Train
203 −0.2 −0.9 1 3 Test 253 0 0 −1 1 Train 303 −0.2 −0.9 1 3 Train 353 0 0 −3 2 Train
204 0.9 0.3 −2 4 Train 254 0 0 1 1 Train 304 0.9 0.3 −3 4 Train 354 0 0 3 2 Train
205 −0.7 −0.5 2 4 Train 255 0.7 0.6 −1 3 Train 305 −0.7 −0.5 1 3 Train 355 0.9 0.8 −1 4 Train
206 0.8 0.2 −1 2 Test 256 0.7 0.6 −2 4 Train 306 0.8 0.2 −2 3 Train 356 0.6 0.1 −2 3 Train
207 −0.2 −0.8 1 3 Test 257 0.7 0.6 −3 4 Train 307 −0.2 −0.8 3 4 Test 357 0.5 0.1 −3 3 Train
208 0.8 0.5 3 4 Train 258 0.5 0.4 0 3 Train 308 0.8 0.5 1 3 Test 358 0.5 0.1 0 2 Train
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209 0.8 0.8 −3 4 Train 259 0.6 0.5 2 3 Train 309 0.8 0.8 −1 3 Train 359 0.6 0.9 2 4 Test
210 0.9 0.7 −3 4 Train 260 0.6 0.5 −3 4 Test 310 0.9 0.7 −1 3 Train 360 0.5 0.1 −3 3 Train
211 0.8 0.5 0 4 Train 261 −0.7 −0.9 3 4 Train 311 0.7 0.1 0 3 Train 361 −0.1 −0.2 3 2 Train
212 0.7 0.6 0 3 Train 262 0.7 0.9 −2 4 Test 312 0.7 0.3 0 3 Train 362 0.3 0.1 −2 1 Train
213 0 0 0 0 Train 263 −0.6 −0.7 3 4 Test 313 0.4 0.3 −1 2 Test 363 −0.6 −0.7 0 1 Test
214 0 0 1 1 Train 264 0.5 0.5 −3 4 Train 314 −0.4 −0.3 1 2 Train 364 0.5 0.1 −3 3 Train
215 0 0 0 0 Test 265 0.5 0.5 −1 3 Train 315 0.3 0.7 −1 2 Test 365 0.5 0.1 −1 2 Train
216 0.9 0.3 −2 4 Train 266 0.5 0.3 1 0 Train 316 0.9 0 −2 2 Train 366 0.1 0.3 1 0 Train
217 0.8 0.6 −1 3 Train 267 0.6 0.8 −1 3 Train 317 0.8 0.1 −1 2 Train 367 0.1 0.8 −1 2 Train
218 0.7 0.9 −2 4 Train 268 0.6 0.8 −2 4 Train 318 0.7 0.2 −2 2 Test 368 0.1 0.8 −2 2 Test
219 0.6 0.7 −2 4 Train 269 0.6 0.8 −3 4 Train 319 0.6 0.2 −2 2 Train 369 0.2 0.8 −3 2 Train
220 0.1 0.1 0 1 Train 270 0.4 0.5 −3 4 Train 320 0.1 0.1 −2 2 Train 370 0.1 0.5 −3 3 Test
221 −0.1 −0.1 −1 0 Train 271 0.4 0.5 −2 3 Train 321 −0.1 −0.1 −1 0 Train 371 0.1 0.2 −2 2 Train
222 0.8 0.8 −1 3 Test 272 0.9 0.9 −3 4 Train 322 0.8 0.8 −3 4 Train 372 0.9 0.9 3 0 Train
223 0.8 0.8 2 4 Train 273 −0.9 −0.9 3 4 Train 323 0.8 0.8 2 4 Test 373 −0.9 −0.9 −3 0 Train
224 0.5 0.5 −1 3 Train 274 0 0 1 1 Train 324 0.5 0.1 −1 2 Test 374 0 0 3 2 Train
225 −0.7 −0.7 1 4 Test 275 0.4 −0.2 1 0 Train 325 −0.3 −0.4 1 2 Train 375 0.1 −0.1 1 0 Train
226 0.3 0.3 1 0 Test 276 0.6 0.8 0 2 Test 326 0.5 0.8 3 0 Train 376 0.2 0.3 0 1 Train
227 0.3 0.3 3 0 Train 277 0.1 0.5 0 2 Test 327 0.3 0.3 1 0 Train 377 0.1 0.3 0 1 Train
228 −0.8 0.2 3 3 Train 278 0.4 0.5 0 3 Train 328 −0.8 −0.8 3 4 Train 378 0.4 0.5 0 2 Train
229 0.8 0.8 −3 4 Train 279 0.1 0.1 0 1 Train 329 0.8 0.8 0 2 Train 379 0.1 0.1 1 0 Train
230 0.9 0.9 −3 4 Train 280 0.2 0.1 0 0 Train 330 0.9 0.9 0 2 Train 380 0.2 0.1 −3 3 Train
231 0.9 0.9 −2 4 Train 281 −0.7 −0.5 −3 0 Train 331 0.9 0.9 −2 4 Train 381 −0.7 −0.5 −3 0 Train
232 0.8 0.8 −1 3 Train 282 0.7 −0.9 −3 1 Train 332 0.9 0.9 −3 4 Train 382 0.7 −0.9 −3 1 Train
233 0.3 0.3 −1 2 Train 283 0.6 0.9 −3 4 Train 333 0.3 0.3 −1 2 Train 383 0.6 0.1 −3 3 Train
234 0.7 0.6 3 0 Train 284 0.5 0.3 −3 4 Train 334 0.7 0.1 0 2 Test 384 0.5 0.9 −3 4 Train
235 −0.7 −0.5 2 4 Train 285 −0.6 −0.7 1 4 Test 335 −0.7 −0.5 0 2 Train 385 −0.6 −0.7 3 4 Test
236 −0.7 −0.7 2 4 Train 286 0.6 0.6 −1 2 Train 336 −0.7 −0.7 3 4 Train 386 0.6 0.4 −1 2 Test
237 0 0 0 0 Train 287 0.6 0.6 −2 3 Train 337 0 0 0 0 Train 387 0.6 0.4 −2 3 Train
238 −0.5 −0.2 2 3 Train 288 0.9 0.9 −3 4 Test 338 −0.5 −0.2 0 2 Train 388 0.9 0.6 −3 4 Train
239 0.2 0.9 0 2 Train 289 −0.7 −0.9 3 4 Test 339 0.2 0.9 0 2 Train 389 −0.8 −0.9 3 4 Train
240 0.5 0.9 −2 3 Train 290 0.5 0.2 0 2 Train 340 0.5 0.9 0 2 Train 390 0.7 0.2 0 3 Train
241 0.9 0.3 −3 3 Train 291 −0.6 −0.1 0 2 Train 341 0.9 0.3 −1 2 Test 391 −0.6 −0.2 0 2 Test
242 0.8 0.8 −3 4 Train 292 0.3 0.6 −2 3 Train 342 0.8 0.8 0 2 Test 392 0.3 0.7 −2 3 Test
243 −0.8 −0.8 3 4 Test 293 0 0 −1 1 Test 343 −0.8 −0.8 0 2 Train 393 0 0 −1 1 Test
244 0.6 0.7 −3 4 Train 294 0 0 1 1 Train 344 0.6 0.7 0 2 Train 394 0 0 1 1 Train
245 −0.7 −0.7 2 4 Test 295 0.1 0.1 −3 3 Train 345 −0.7 −0.9 2 4 Train 395 0.4 0.1 −3 3 Train
246 0.5 0.4 −1 3 Train 296 0.5 0.5 2 0 Train 346 0.9 0.4 −1 4 Train 396 0.5 0.6 2 0 Train
247 −0.1 −0.8 1 3 Train 297 0.4 0.5 1 0 Test 347 −0.1 −0.7 1 3 Train 397 0.4 0.9 1 0 Train
248 0.7 0.9 −2 4 Train 298 0.6 0.4 3 0 Train 348 0.8 0.9 −3 4 Test 398 0.6 0.4 3 0 Train
249 −0.1 −0.6 0 2 Train 299 0.5 −0.1 1 0 Train 349 −0.1 −0.6 1 3 Train 399 0.6 −0.1 1 0 Train
250 0.5 0.5 −2 3 Train 300 0.6 0.4 −2 3 Train 350 0.5 0.5 −2 3 Test 400 0.7 0.8 −2 4 Train
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