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Abstract Block-matching algorithms (BMAs) are widely
employed for motion estimation. BMAs divide input frames
into several blocks and minimize an error function for each
block to calculate motion vectors. Afterward, each motion
vector is applicable for all of the pixels within the block.
Since computing the error functions is resource intensive,
many fast-search motion estimation algorithms have been
suggested to reduce the computational cost. These fast algo-
rithms provide a significant reduction in computation but
often converge to a local minimum. A learning automaton
is an adaptive decision-making unit that learns the optimal
action through repeated interactions with its environment.
Learning automata (LA) have been applied successfully to
a wide range of applications including pattern recognition,
dynamic channel assignment, and social network analysis. In
this paper, we apply LA to motion estimation problem, which
is one of the basic problems in computer vision. We compare
the accuracy and performance of the suggested algorithms
with other well-known BMAs. Interestingly, the obtained
results indicate high efficiency and accuracy of the proposed
methods. The results suggest that simplicity, efficiency, par-
allel nature, and accuracy of LA-based methods make them
a good candidate to solve computer vision problems.
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1 Introduction

Understanding object movement patterns in a video has many
applications in different disciplines such as transmission [1],
storage [2], and management [3] of videos. Motion estima-
tion is the process of determining motion vectors (MVs)
which describe the transformation from one 2D image to
another. This process can be applied for all successive frames
of a video. In other words, MVs indicate the displacement
of pixels in the current frame from the previous one [4]. The
latest applications of the motion estimation include gesture
recognition [5], hand posture analysis [6], breathing analysis
[7], and video compression (e.g., MPEG4 and H.264) [8].

In a video sequence, there is a high level of similarity (i.e.,
redundancy) between consecutive frames. The idea of tem-
poral redundancy reduction is to encode the reference frame
and then encode only the differences between the reference
frame and the consecutive ones. These differences are called
“error” or “residual.” Video coding techniques predict the
content of the current frame based on the reference frame
and these residuals. This process is known as motion com-
pensation.

Although there are several different approaches for motion
estimation, block-matching is the most popular approach due
to its simplicity. In block-matching, a motion vector for an
entire block of pixels is computed and then it is applied to
all the pixels within the block. This method reduces com-
putational cost and achieves more accurate motion vectors
because typically objects consist of a cluster of neighboring
pixels.
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Fig. 1 In block-matching Search Window
procedure, a fixed-size window

in the previous frame is Framej-1
searched to find the best match Best Match i

for the current block. The vector
that maps the best found match
to the current block is called
motion vector

LAV

In block-matching algorithms, each frame is separated
into several non-overlapping blocks with the same size. For
each block in the current frame, the best match is obtained
within a search window of size 2% w + 1) % (2% w + 1) of the
previous frame, where w is the maximum allowed displace-
ment in both horizontal and vertical directions. Afterward,
the motion vector for the current block is the position differ-
ence between the current block and its best-matched block
in the previous frame (Fig. 1).

The underlying assumption behind BM is the existence
of a strong correlation between each pixel and its neighbors.
Therefore, a motion vector can be assigned to a block of
pixels instead of individual pixels.

Inblock-matching approach, motion vectors are computed
by minimizing error functions, which are representing the
grayscale difference between a block in the current frame and
its match in the previous frame. Therefore, the best match for
the current block will have the lowest error function among
all candidate blocks within a search window [9, 10].

Different evaluation criteria have been suggested to calcu-
late the distance between two blocks such as mean of absolute
difference (MAD), sum of absolute difference (SAD), and
mean square error (MSE). The most commonly used metric
is SAD, which is defined in Eq. (1).

N N
SAD(iuy = > D 1 fili J) = fim1 G +u, j + )| 0
i=1 j=1

—w=<u,v=<uw
In Eq. (1), (u, v) is the distance of the candidate block

to the current block, f;(i, j) implies the graylevel value of
(i, j)th pixel in the current frame, and f;_1(i, j) shows the
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graylevel value of (7, j)th pixel in the previous frame. The
displacement vector (u, v) of the candidate block with the
minimum SA D, y) is the motion vector. The size of block
is N x N and u, v are in the range [—w w].

The full search algorithm (FSA) is known as the most
robust and accurate method for finding the motion vectors. In
order to find the block with the minimum SAD, FSA tests all
the possible candidate blocks within the search window. Even
though this algorithm is the most computationally expensive
choice, it is able to find the best match. Efficiency and accu-
racy of the other block-matching methods are measured by
comparing them to FSA.

Block-matching algorithms evaluate some matching cri-
teria (MC) to compute the best match for each block. The
calculation of MC is generally expensive; therefore, several
algorithms have been proposed to speed it up. These algo-
rithms can be classified into the following categories:

1. Using a fix search pattern: This category involves meth-
ods with a predefined pattern to search for the best
match. In these methods, the search is performed on a
fixed subset of the search window. This category con-
tains three-step search (TSS) [11], new three-step search
(NTSS) [12], simple and efficient TSS (SES) [13], four-
step search (4SS) [14], and diamond search (DS) [15].

2. Reducing the number of search points: In these algo-
rithms, search points are chosen in an iterative way to
minimize the error functions. These algorithms include
adaptive rood pattern search (ARPS) [16], block-based
gradient descent search (BBGD) [17], neighborhood
elimination algorithm (NE) [18], block-matching algo-
rithm based on differential evolution (DE-BM) [19], and
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block-matching algorithm based on harmony search opti-
mization (HS-BM) [19].

3. Reducing the computational cost of error functions: Less
computationally expensive matching criteria are used
in this type of algorithms. New pixel-decimation (ND)
[20], successive elimination algorithms [21], and winner-
update strategy [22] are three examples of this category.

In this paper, we propose three novel algorithms based
on learning automata for motion estimation. Our proposed
algorithms can be classified as the second category. Learn-
ing automaton is an abstract model which learns to choose
the best action among its set of actions. This model has
been successfully applied to solve different sorts of engi-
neering problems such as pattern recognition [23], image
segmentation [24], priority assignment [25], and social net-
work analysis [26]. In this paper, we employ LA for motion
estimation, which is one of the basic problems in machine
vision.

2 Learning automata

Learning automaton is an adaptive decision-making unit that
learns the best action from its set of actions through repeated
interactions with a random environment (Fig. 2). Learning
automaton maintains a probability vector, which contains
the probability of choosing each action at any time instant.
The learning process is as follows: the automaton randomly
chooses one of its actions based on its probability vector.
The selected action is rewarded or penalized by the environ-
ment as a response. The automaton takes the response into
account and modifies its probability vector. The main goal
of such automaton is to determine the optimal action from
a set of actions, where the optimal action is defined as one
maximizing the expected reward [27-29].

In general, a learning automaton is defined by (A, O,
R, T) and the environment is defined by (A, R, D), where
A = {ay,a2,...,0,} is the set of all actions of the
automaton, where «; implies the automaton output and the
environment input. Also, R is the domain of responses from
the environment and §(k) € R is the response signal that the

Random Environment

Learning Automaton

Fig. 2 Learning automaton learns the best action through repeated
interaction with a random environment. Automaton performs an action
o on the environment and the environment responds with signal 8

automaton receives from the environment at kth time instant.
In addition, D = {dy, d>, ..., d,} is the set of reward prob-
abilities, where d; = E {B(k) | «(k) = «;}. In other words,
d; variable demonstrates the average reward given to action
a;. If d; is independent of k, environment is called station-
ary; otherwise, it is non-stationary. Usually the set of reward
probabilities is unknown for the automaton; therefore, an
estimate for these set is used. Moreover, Q is the state of the
automaton which is defined by Q(k) = [P k), [)(k)] where

P(k) = {Pi(k), Py(k), ..., P-(k)}, > i_, P;(k) = listhe

d, Jisthe
estimation of the reward probabilities at the kth time instant.
T is the learning algorithm which is used by the automaton
for updating its state.

There exist a variety of different learning automata for
handling various learning problems. Some examples of these
varieties are finite action set learning automata (FALA) [29],
parameterized learning automata (PLA) [29], generalized
learning automata (GLA) [30], continuous action set learn-
ing automata (CALA) [29], game of LA [29], and network
of LA [31]. Here, we explain the learning automata that we
used in details.

action probability vector, and ﬁ(k) = {cil, d}, .

2.1 Pursuit learning automata

In order to design a learning automata algorithm with a
high convergence rate, Thathachar and Sastry designed a
new class of learning algorithms called estimator algorithms
[32]. These algorithms preserve the current estimates for
the reward probability of each action and utilize them for
updating the action probabilities. Both long- and short-
term properties of the environment can be considered by
aforementioned algorithms. Long-term properties include
the current reward probability estimates, while short-term
properties comprise the current environment response.

Pursuit learning automata are a subset of the estimator
algorithms, which only pursues the current estimated opti-
mal action. This algorithm is firstly presented by Thathachar
and Sastry [32]; initially, only the long-term properties of the
environment were used. In this algorithm, action set is con-
sidered continuously. Oommen and Lanctdt [33] proposed a
discretized version of the pursuit algorithm which considers
both the short-term and the long-term properties of the envi-
ronment. The only difference between the discrete and the
continuous versions of pursuit algorithms is the updating rule
for the action probabilities. The discrete pursuit algorithms
make changes to the probability vector P (k) in discrete steps,
while the continuous ones use a continuous function to update
P (k).

Pursuit learning automata have two more vectors W (k) =
{Wi(k), Wa(k), ..., W.(k)}and Z(k) = {Zl(k), Zy(k), ...
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Z, (k)} for calculating the estimates of the reward probabil-

~

ities ﬁ(k) = {cil, d}, e, dr}. Wi (k) indicates the number
of time that ith action has been rewarded and Z; (k) is the

number of times that ith action has been selected up to time
k. Therefore, D (k) defined Eq. (2).

_ Wilh)

di (k) = . l=i=r
Zi(k)

(2)

The discrete pursuit algorithm [33] involves three steps. In
the first step, each automaton chooses action ¢; (k) based on
probability vector P (k) and receives response B (k) from the

environment. The second step encompasses updating proba-
bility distribution P (k) as El. 3.

pjk +1) =max{p; k) — A, 0}

pmk+1)=1=> pik+1) 3)
j#m

l<j<r, j#m

In Eq. (3), m is the index of the maximal component
of reward probability estimate vector, so dy = max{d i}
A = 1/(r % n) exhibits the step size, and n is the resolu-
tion parameter. Therefore, in this step, probabilities of all
the actions that do not correspond to the highest estimate of
reward probabilities are decreased and the probability of the
action with the highest estimate is increased.

Third step of this algorithm consists of updating the reward
probability estimate vector as Eq. (4) where i is the index of
the selected action in first step.

Witk +1) = W;(k) + (1 — B(k))
Zitk+1)=Zjk)+1
Wi(k + 1)
Zitk +1)

4)
ditk +1) =

2.2 Team of learning automata

One of the possible configurations for learning automata is
the game of automata [29]. This configuration consists of N
distinct automaton, where each of them is trying to find the
optimal action from its own action set.

Let A', A%, ..., AN be the N automaton involved in the
game and PY(k), P2(k), ..., PV (k) are the action probabil-
ity distribution of the N automata. At each time instant k,
each automaton A’ chooses an action o’ (k) independently
and randomly according to the probability distribution of
P! (k). This set of N actions will be given to the environment
and the environment responds with N random rewards. Let
B (k) be the response of the environment to automaton A,
for choice of action at time instant k. Automaton A’ uses
B! (k) and updates P (k) by a learning algorithm.
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Having a common reward for all the automata is one of
the interesting features of this model. In other words, all the
automata get the same reward from the environment; there-
fore, B! (k) = B*(k) = --- = BV (k) = B(k). This condition
of the game is often referred to as a team of learning automata.
A team of automata is usually useful for optimizing multi-
variate functions; each automaton in the team is trying to
identify the optimum value of a particular parameter. In this
case, the action set of each automaton includes the possible
values of the corresponding parameters.

2.3 Variable action set learning automata

When the number of actions of a learning automaton varies
with time, it is called variable action set learning automa-
ton [34]. Assume V (k) C A is a non-empty subset of the
actions at time k, V (k) is called active action set, which rep-
resents the available actions of the learning automaton. In
this type of learning automaton, in each iteration of the algo-
rithm, automaton selects one action from the active action
set according to the scaled probability vector P (k) which is
defined as Eq. (5) where N (k) is sum of the probabilities of
the actions in subset V (k).

Pit) =53 o e V(k)
N )
Pi(k) =0 al ¢ V(k)

Depending on the response received from the environ-
ment, the automaton updates its scaled action probability
vector P (k). It must be noted that we only update the prob-
abilities of the active actions. Finally, the probability vector
of the actions of the chosen subset is rescaled (Eq. 6).

Vai € V) : Pik+1) = Pk + 1) % N(k) (6)

3 Motion estimation using learning automata

As mentioned earlier, block-matching algorithms aim to
identify the best match for the current block within a search
window of the previous frame. If we consider candidate
blocks in the search window as actions of automata, then
the process of identifying the best matches can be performed
by learning automata.

In this section, we explain three algorithms based on learn-
ing automata for motion estimation.

3.1 Motion estimation using pursuit learning automata

Description of this method is as follows: one learning
automaton is assigned to each block of the current frame
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and the candidate blocks in the search window are consid-
ered as actions of the automaton. In each iteration of the
algorithm, each automaton selects an action (¢;) according
to its probability vector. Error criterion (SAD) between the
current block and the block corresponding to the selected
action is calculated and normalized to interval [0 1] and is
given to the automaton as the response of the environment.
If «; is selected again in the next iterations of the algorithm,
the error criterion is not calculated again and the stored value
in memory will be used. In the next step of the algorithm, the
automaton updates its action probability vector according to
the Eq. (3). In the last step, the automaton updates the reward
probability estimate vector using the received response from
the environment (Eq. 4). Finally, the action with the highest
probability is selected as the best match for the current block.
The Algorithm 1 shows the pseudocode of pursuit learning
automata-based motion estimation.

One of the parameters which affect the performance of the
learning automaton is the number of actions. In other words,
having a large number of actions reduces the efficiency of
learning automaton. Assume w = 7 therefore the number of
actions is equal to 225 (i.e., CQw + 1) * 2w + 1)), and this
number of actions is not suitable for automata. In this study,
we propose two approaches to deal with this issue in Sects.
3.2 and 3.3.

3.2 Motion estimation using variable action set learning
automata

The successive elimination algorithm (SEA) proposed in [21]
uses an upper bound to eliminate the impossible candidate
blocks for reducing the computation of motion estimation.
This algorithm adopts the well-known Minkowski inequality
concept to derive the following inequality (Eq. 7) where X
and Y are two blocks.

N N N N
NS IEEDIDIP(IIEDIDI ()
i=1 j=1 i=1 j=1
SAD(X,Y) > S(X,Y) (7)

In SEA, if the difference of block-sums (i.e., sum of the
pixels within a block) between the current block and the
candidate block is greater than the upper bound, then it is
impossible for this candidate block to be the best match
block. The block-sum pyramid algorithm (BSPA) [35] made
an extension of Eq. (7) to a multi-resolutional pyramid form.
In BSPA, a pyramid-like hierarchy for the current block and
the candidate blocks is constructed. Each pixel in the m-th

Algorithm 1 Pursuit learning automata based motion esti-
mation (PLA-ME)

Parameters:
m Index of the maximal component
of the reward estimate vector.
Wi (1) Number of times that ith gction
has been rewarded up to time ¢
Z:(1) Number of times that ith action
has been selected up to time ¢
N Block size
w Search windows size

r=Q%w+1)?2 Number of actions

n Resolution parameter
A=1/@*n)
o ={uy, a2, ..., 0}
P ={p1, p2. .- pr}
SAD;

Smallest step size
Actions(Candidate blocks)

Action probability vector

Sum of absolute difference for
i-th action. Vi SAD; = NULL

Method
Repeat

Stepl At time t pick «(#) according to

probability vector P (¢)

if SAD;, = NULL then
calculate SAD value for ith
candidate block and normalize it
to interval [0 1]

end

B(1) = SAD;

Step2

Update P(t) according to
following Eq.:

pit+1) =maxjru{p;(t)—A,0}
pm+1)=1- ij;/:m pjt+1)

Step3

Update d (t) according to following
Eq.:

Wit +1) = W;i(t) + (1 — B(1))
Z\,’([ +1D)=Zi@t)+1

dit+1) =W+ 1)/Zi(t+1)

Step4

End Repeat
best match = o, p; = max;{p;}
End Method

level is the sum of 2 x 2 neighboring pixels in the (m — 1)-th
level (Fig. 3), which is defined as Eq. (8).

X"G, ) =X""12xi—1,2%j—1)
+ X" 2xi—1,2% )
+ X" 2xi 2% — 1)
+ X" 2 %i, 2% )

®)
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Fig. 3 Constructing a block-sum hierarchy pyramid can help the algo-
rithm to search fewer points. In block-sum hierarchy pyramid, each
pixel in the m-th level is the sum of 2 x 2 neighboring pixels in the
(m — 1)-th level

For an N * N block , the m-th level SAD is defined as Eq.
9).

2M—m 2M—m

SAD" (X, Y) Z Z X", j) — Y™, )| 9)

i=1 j=I

Then the following multi-resolutional Minkowski inequal-
ity can be obtained [35] (Eq. 10).

SAD’(X,Y) > SAD' (X, Y) > - >

SADM-!(x,v) > SADY (X, Y) (10)
Equation (10) can be used as a measure for determining
and eliminating useless actions in pursuit learning automata-
based motion estimation. Doing so, the number of actions for
each automaton will be reduced during the learning process
and consequently the efficiency of the learning automata will
be increased.

In order to implement this strategy, we use variable action
set learning automata model. Description of this algorithm is
as follows: first, block-sum pyramid for the current block (T)
is constructed. At each time instant, the automaton chooses
action «; randomly based on its probability vector. If «;
is selected for first time, the block-sum pyramid for can-
didate block (C) corresponding to «; is constructed. Then
the SAD value of the top level of the pyramid will be
checked. If SADM(T,C) > SADyin, Where SADpp is
the current achieved minimum SAD value, this action can
be eliminated from the action set of the automaton. Other-
wise, SAD value on next level of pyramid will be checked.
If SADM’I(T, C) > SAD, i, for the same reason, this
action can be eliminated from the action set of the automaton
as well. This process is repeated until this action is elim-
inated or the bottom level of the pyramid is reached. At

@ Springer

Algorithm 2 Variable action set learning automata based
motion estimation (VASLA-ME)

Parameters:
Same as parameter that defined in
PLA-ME
SADyin(1) Minimum achived SAD up to time t
T Template block
Method
Repeat
At time t pick «(¢) according to
Stepl probability vector P (¢)
if SAD; = NULL then
construct block-sum pyramid for
ith candidate block(C)
for m =log N to 1do
if SAD"(T,C) = SADy,in(t)
then
Remove «;
Update probabily vector as
Step2 Step3
Go to Stepl
end
end
SAD; = SADY(T, C)
end
B(t) = SAD;
Step3  Update P(¢) exactly as in the PLA-ME
Stepd  Update d(t) exactly as in the PLA-ME
End
Repeat
best match = «;, p; = max;{p;}
End
Method

the bottem level of the pyramid if SADO(T, C) > SADnin,
value of SADy, is replaced with SADO(T, C). In this level,
SADY(T, C) is normalized to interval [0 1] and will be
given to the automaton as the response of the environment.
Automaton uses this response and updates the action proba-
bility distribution according to the pursuit learning paradigm.
Algorithm 2 shows the pseudocode of variable action set
learning automata-based motion estimation (VASLA-ME).

3.3 Motion estimation using team of pursuit learning
automata

Each candidate block in the search window has a certain
amount of vertical (dx) and horizontal (dy) displacement
relative to the current block, where —w < dx,dy < w.
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Table 1 Test sequences used in the comparison test

Sequence Format Total frames Motion type
Container QCIF(176*144) 299 Low

Akiyo QCIF(176*144) 300 Medium
Carphone QCIF(176*144) 381 Medium
Foreman QCIF(352%288) 398 Medium
Stefan CIF (352*%288) 89 High

Tennis S1F(352*%240) 150 High

According to this fact, a team with two learning automata
can be used for motion estimation. In this team, one of the
automata determines the optimal displacement value along
the horizontal direction and the other one is responsible for
specifying the optimal displacement value along the vertical
direction. In this case, the number of actions (r) for each
of the learning automata of the team is equal to 2 * w + 1.
Assuming w = 7, the number of actions for each learning
automaton is equal to 15, which is suitable for automata.

We used two pursuit learning automata (PLA) in the team.
Each of PLA!, i € {1,2} in the team has r = 2% w + 1
actions and o' = {Otli , aé, e, oz;'} is the action set of PLA,
where for i = 1 this set is equivalent to the horizontal dis-
placement value of the current block in the search window
and for i = 2 is equivalent to the vertical displacement
value of the current block within the search window. Thus,
a! x o is the set of candidate blocks in the search window.
P' = {p}, P}, ..., pi} is the action probability distribution
of PLA'.

Description of team of pursuit learning automata-based
motion estimation (TPLA-ME) is as follows: at time instant
k, each PLA chooses one of its actions randomly according
to its action probability vector P'. Assume ail is selected by
PLA! and ozjz. is selected by PLAZ; therefore, i—w-1,j—
w — 1) is the motion vector of the selected candidate block in
search window. If this candidate block has been selected for
the first time, error criteria (SAD) between the current block
and the selected candidate block is computed and normalized
tointerval [0 1] and stored in memory. This value is given to

Fig. 4 By analyzing the
distribution of motion vectors,
we can choose a more
meaningful initial start point for
our algorithm. Average motion
vector distribution over a search
window of size w = 7 for
Foreman (a) and Stefan (b)
datasets

~
=}
~

Density of motion vector(%)

each PLA' as the response of the environment. Each PLA’
uses this response and updates its action probability vector
independently. In the next iteration of the algorithm, if this
candidate block is selected again, SAD value will not be
calculated again and the stored value in memory will be used.

Finally, the candidate block with (i —w — 1, j — w —
1) motion vector is selected as the best match where pi] =
maxi<p<-{p}} and p? = maxi<,<{p2}.

In this algorithm, we also use a reward approximation
method based on nearest neighbor interpolation (NNI), which
is proposed in [19]. According to this method, we estimate the
reward of an action based on neighboring actions instead of
calculating the matching criterion. If an action (cy) is selected
for the first time by the learning automaton, the environment
calculates the reward of this action as follows: the nearest
action (o) to the selected action is determined from the pre-
viously selected actions by LA. If the distance between o
and «,, is less than d and matching criterion of o, (SADy,)
does not correspond to the best value, SAD,,, will be used as
the reward of «; otherwise, matching criterion of o« will be
calculated by Eq. (1).

3.4 The initial value of action probabilities

The first step of every LA algorithm is to generate an initial
action probability vector. Typically these values are initial-
ized uniformly, by assuming lack of knowledge about the
problem. On the other hand, in some applications, action
probability vector can be weighted more specifically through
some domain knowledge, which can significantly improve
the performance of LA. To obtain an appropriate initial action
probability vector, we performed an analysis over the dis-
tribution of motion vectors. For this purpose, we calculate
the motion vector probability distributions of several video
sequences (see Table 1) using FSA with SAD as the match-
ing criterion and w = 7. The distribution of motion vectors
for Foremen and Stefan sequences are shown in Fig. 4.
According to these analyses, the most video sequences
contain center-biased motion vector distributions. It could
be noted that 98 % of the motion vectors lie at the origin
of the search window for a slow moving sequence, such as

~
=2

N w »
o o o

o

Density of motion vector(%)
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Fig. 5 Choosing a good initial (a)
action probability distribution
can effectively help learning 0.02
automata to have a better
accuracy and performance. The E 0.015 g
initial action probability = V ‘\“m\
: ctribti ; 2 / \ N
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(b) X

Action Probability

1 1 1 Il 1

Container, while complex motion sequences, such as Car-
phone and Foreman, have only 53.5 and 46.7% of their
motions in center of the search window, respectively. The
Stefan sequence, showing the most complex motion content,
was found to have only 36.9 % of the motions in center.

The initial action probability distribution for PLA-ME and
VASLA-ME is considered as a mixture of 2d-Gaussians with
five center points located at [0 O], [w/2 w/2], [—w/2 w/2],
[w/2 — w/2] and [-w/2 — w/2]. Figure 5a shows the
surface of this action probability distribution. For TPLA-ME,
we use a 1d-Gaussians distribution for each of automata in
the team. This distribution is shown in Fig. 5b.

3.5 Efficient implementation of pursuit learning
algorithm

In the three proposed algorithms (PLA-ME, VASLA-ME,
and TPLA-ME), we use discretized pursuit learning par-
adigm [33]. In these three algorithms, the environment is
stationary and a?,- is invariant under time instant &, therefore
we can remove vector Z and W from Eq. (4) in the pursuit
learning algorithm which is defined d; as Eq. (11) where B;
is the SAD value between current block and candidate block
corresponding to the selected action «;.
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di=1-p (11)

By considering these changes, the proposed idea in [36]
can be utilized for efficient implementation of the discretized
pursuit algorithm. Based on this idea, we use a variable size
array F in which each cell of this array belongs to a spe-
cific action. Each considered cell in this array represents a
probability equal to A. In order to select an action, we select
one of the cells randomly and then the corresponding action
to this cell is chosen. Therefore, p; = lenglzlw’ where N;
is the number of cells corresponding to «; in array F. In
order to update the action probability, in each time instant,
one of the cells corresponds to all actions (except «;) and is
assigned to «;, where dAm = max|< jS,{ﬁ ;}. Figure 6 illus-
trates an example of this update scheme. In this example, a
DPLA with r = 4 and n = 3 is considered and each action

(a)
Oy [ O] Oy Oy Oy Olp| O3] OL3| O3 | Oly| Oy | Oy

(b)

Ol | Op [ Olg| Ol OLy| OLy| OL3| OLg | Oy [ Olg| OLy | Oy

Fig. 6 DPLA with r = 4 and n = 3, a initialization, b update action
probability when o selected as action with highest estimate of reward
probabilities
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Table 2 PSNR and Dpgnr value comparison for all motion estimation methods

Algorithm Container Carphone Akiyo Foreman Stefan Tennis Average of Dpsnr
PSNR  Dpsse PSNR - Dpsxe PSNR O Dpsse PSNR O Dpsng PSNR O Dpsxg PSNR O Dpsar

FSA 4318 0 3151 0 2907 0 3169 0 2595 0 3574 0 0
TSS 43.1 0.2 30.27 392 2621 9.84 29.37 732  21.14 1852 30.58 1443 9.03
4SS 43.12  0.15 30.24  4.01 2621  9.84 29.34 744 2141 1748 30.62 1432 8.84
NTSS 4312 0.15 30.35  3.67 27.12  6.71 30.56  3.57 2252 132 31.21 12.67  6.66
SESTSS 4312  0.15 30.09 450  26.10 1021 2924 773 21.37  17.64 3020 155 9.28
ARPS 43.08 0.23 30.23  4.06  26.12 10.14 2946 7.03 2145 1734 2995 1620 9.16
BBGD 43.14  0.11 31.3 0.67 28.1 333 31 2.19 2517 3.01 33.17 7.20 2.75
DS 43.13  0.13 31.26 079 28 3.7 31.19  1.59 2498 373 3398 492 2.47
NE 43.15  0.07 31.36 047 2823  2.89 3123 147 2522 2381 33.88 5.20 2.15
PSO-BM 43.15  0.07 31.39  0.38 2833  2.55 3127 134 2539 215 3391  5.12 1.93
DE-BM 43.17 004 3147 0.13 2878 1 31.51 058  25.15  3.09 3477 271 1.26
HS-BM 43.16  0.05 3140 034 2901 021 31.55 045 2505 346 3354  6.15 1.77
PLA-ME 4318 0 3142 028 2907 0 3143 082 25.12  3.19 3455 332 1.25
TPLA-ME 4318 0 3142 028 2907 0 3142 085 2522 292 3488 240 1.07
VASPLA-ME 4318 0 3151 0 29.07 0 3169 0 2558 142 3526 1.34 0.46

has been presented by a different color. Therefore, each cell
that is shown in Fig. 6 has a probability of A = 1/12. More
details of this implementation can be found in [36].

In this implementation, both action selection and update
the action probability vector are performed without consid-
ering the number of actions and they do not require more
operations.

4 Experiments

We perform several experiments over the popular video
sequences listed in Table 1. These sequences consist of
different degrees and types of motion, and they are in
QCIF (176*144), CIF (352*288), and SIF(352*240) formats.
Among these sequences, Container has low motion changes.
Carphone, Foreman, and Akiyo have moderately complex
motions. Complex motion content can be found in Stefan
and Tennis sequences.

Each frame is partitioned into blocks with the size of
16 % 16(N = 16) pixels for motion estimation. Thus, the
maximum displacement within the search window is seven
pixels in both horizontal and vertical directions.

To evaluate the performance of the proposed algorithms,
we implement different block-matching algorithms, such as
FSA, TSS [11], 4SS [14], NTSS [12], BBGD [17], DS [15],
ARPS [16], SESTSS [13], NE [18], PSO-BM [37], DE-BM
[19], and HS-BM [19]. All simulations were performed on a
Intel Core 17 2.2 GHz computer with 8 GB of memory.

In our comparison, two relevant performance indicators
are considered: the estimation quality and the search effi-
ciency.

4.1 Estimation quality

First, all the algorithms are compared in terms of the dis-
tortion that they make which is characterized by the peak
signal-to-noise ratio (PSNR) value. PSNR indicates the
reconstruction quality when the motion vectors, computed
through a motion estimation approach, are used for recon-
structing the current frame. In PSNR, the signal is the original
data frames whereas the noise is the error introduced by
calculating the motion vectors. The PSNR defined Eq. (12)
where MSE is the mean square error between the original
frames and those estimated by the motion vectors and the
reference frame.

2552
PSNR = 10 x log;o { ==

MSE (12)

The PSNR degradation ratio (DpsNr ) is another performance
index which is used in the comparison. This ratio expresses
the level of mismatch between the PSNR of a motion estima-
tion approach and full search algorithm (FSA). The Dpsnr
value is in the ranges [0 100] and demonstrates high accu-
racy for the motion estimation approach when it is close to
zero. The Dpgnr is defined in Eq. (13).

(13)
PSNREsaA

PSNRpsa — PSNR
DPSNR = ( FSA MB) x 100
Table 2 shows the PSNR and Dpsnr values for different
algorithms. In case of slow motion sequences, the PSNR
and Dpgnr values of all algorithms are very similar. For the
medium motion content sequences such as Carphone, Fore-

man, and Akiyo, the algorithms based on fixed patterns (TSS,
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Fig. 7 Average Dpsnr 10 asa 903 916 928
obtained for all motion 9
estimation algorithms over all 8 S
sequences. All the three 7 S
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Fig. 8 Frame-wise (a) 30 T T T TSS
performance comparison 45
between different 25 —+—ARPS
block-matching algorithms on +3§SS
“Foreman” sequence based on SESTSS

20 - —5—PLA-ME
Dpsnr (a) and the mean number —9— TPLA-ME
of search point (b). The o —©— VASLA-ME
proposed methods do a better z 15 - 7
job on finding the best match a8

Frame Number

(b)

40 -

Average #Search Point

——TPLA-ME ||
—6—VASLA-ME

NTSS, SESTSS, 4SS, and DS) exhibit the worst PSNR and
high Dpgnr value and the algorithms based on function min-
imization (BBGD, ARPS and NE) have medium accuracy.
The methods that use evolutionary algorithms (PSO-BM,
DE-BM and HS-BM) are more accurate than the other two
groups. On the other hand, our three proposed algorithms
(PLA-ME, VASLA-ME and TPLA-ME) have the lowest
DpsnRr, very close to FSA, which has been considered as the
reference. For the high motion sequences of Stefan and Ten-
nis, since the motion content of these sequences are complex,
the performance, in general, becomes the worst for many
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Frame Number

of the algorithms, especially for those based on fixed pat-
terns. However, in this case, the algorithm VASLA-ME and
TPLA-ME have a better performance than the other motion
estimation algorithms (Figs. 7, 8, 9).

As a summary of the estimation quality performance,
Fig. 7 and the last column of Table 2 present the aver-
age Dpsnr obtained over all sequences. According to these
values, the proposed algorithms in this work (PLA-ME,
VASLA-ME, and TPLA-ME) are superior to the other
approaches and VASLA-ME has the lowest Dpgnr value.
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Fig. 9 Frame-wise (@) 35
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We also compare the frame-wise performance of the
proposed algorithms with traditional block-matching algo-
rithms. For ease of readability, we compare the performance
of the proposed algorithms only with a few representative
block-matching algorithms.

We compare the frame-wise Dpgnr values of PLA-ME,
VASLA-ME, and TPLA-ME with TSS, NTSS, SESTSS,
4SS, DS, ARPS for medium motion Foreman (Fig. 8a) and
high motion Stefan (Fig. 9a). The frame-wise DpsNr values
of VASLA-ME in all frames of two videos are better than all
the compared block-matching algorithms. On the other hand,
frame-wise Dpsnr values of PLA-ME, TPLA-ME, and DS
are close together.

Dpsnr values of evolutionary algorithms-based methods
(PSO-BM, DE-BM, and HS-BM) are close to the proposed
algorithms (PLA-ME, TPLA-ME, and VASLA-ME). These
methods select locations on the search window that iter-
atively minimize the error function. We can compare the
performance of these methods with the performance of our
algorithms in terms of convergence speed and finding the
global minimum in the search window. For this comparison,
some template blocks with high motion content are selected
from Foreman and Stefan video sequences. For these tem-

Frame Number

plate blocks, we perform the proposed algorithms (PLA-ME,
TPLA-ME, and VASLA-ME) along with PSO-BM, DE-BM,
and HS-BM to find the best match in the search window.
Figure 10 represents the normalized SAD values for the best
matches that have been found in different iteration of the
algorithms. As it can be observed, the DE-BM and HS-BM
converge to a local minimum of search window quickly. The
PSO-BM also has a similar behavior as DE-BM and HS-BM.
PLA-ME, TPLA-ME, and VASLA-ME have relatively slow
and incremental behavior. In the Foreman video sequence,
the three proposed algorithms converge to the global min-
imum in the search window. In the Stefan video sequence,
only VASLA-ME converges to the global minimum while
TPLA-ME and PLA-ME are very close to VASLA-ME in
term of SAD value. This comparison indicates that in a
video with high motion content the suggested algorithms
have a better performance in comparison with evolutionary
algorithms-based methods.

4.2 Search efficiency

We consider search efficiency criterion as a measure of com-
putational complexity [19]. The search efficiency criterion is
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the average number of search points (i.e., the average number
of SAD computations) for motion vectors estimation. In other
words, this metric measures the improvement in complexity
of the motion estimation algorithm compared to FSA.

Table 3 shows the search efficiency; FSA, PLA-ME, and
PSO-BM hold the highest number of search points per block.
The average number of search locations over the six con-
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sidered sequences is presented in Fig. 11. According to the
obtained values, the suggested VASLA-ME and TPLA-ME
methods demonstrate a better performance in comparison
with the other motion estimation algorithms. The mean
number of checked search points by the VASLA-ME and
TPLA-ME are 8.92 and 10.86, respectively. According to the
last column of Table 3, these two methods have the best ranks
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Table 3 Average number of search points per block for all motion estimation methods

Algorithm Container Akiyo Carphone Foreman Stefan Tennis Total average Rank
FSA 225 225 225 225 225 225 225 15
TSS 25 25 25 25 25 25 25 11
4SS 19 27.3 255 24.8 29.3 31.5 26.23 12
NTSS 17.2 235 21.8 22.1 254 26.1 22.68 10
SESTSS 19.20 19.20 18.86 18.85 17.45 18.8 18.72 9
ARPS 8.91 8.87 10.99 11.43 18.21 17.65 12.67 4
BBGD 8.1 10.2 11.5 12.5 15.2 17.1 12.43 3
DS 7.5 11.8 12.5 13.4 16.2 17.5 13.15 5
NE 11.7 14.5 13.8 14.2 19.2 20.2 15.6 8
PSO-BM 325 48.5 48.5 48.1 52.2 52.2 47 13
DE-BM 9.2 12.5 12.2 12.5 16.1 16.8 13.21 6
HS-BM 8 12.2 12.5 12.2 17.1 16.87 13.45 7
PLA-ME 75.27 49.7 71.54 71.5 131.7 120.5 87.70 14
TPLA-ME 10.85 8.69 9.17 10.09 13.91 12.5 10.86 2
VASPLA-ME 9.31 5.54 7.57 6.62 129 11.6 8.92 1

in search efficiency. The number of search points can be sig-
nificantly reduced by the proposed approaches (VASLA-ME
and TPLA-ME).

The frame-wise average number of search points for PLA-
ME, TPLA-ME, and VASLA-ME along with TSS, NTSS,
SESTSS, 4SS, DS, ARPS are compared for medium motion
Foreman (Fig. 8b) and high motion Stefan (Fig. 9b). In terms
of the mean number of search points, only two algorithms
VASLA-ME and TPLA-ME perform better than the other
compared algorithms.

It should be pointed out that in VASLA-ME, we use the
idea for fast calculation of block-sum pyramid [35]. In our
implementation, the overhead of construction of the block-
sum pyramid for all candidate blocks in the search window is
approximately equivalent to eight search points by assuming
block size of 16*16, in other words, two search points for
each level of the pyramid. In VASLA-ME, on average, 97
candidate blocks are eliminated during the learning process.
83 % of these candidate blocks removed at the top level of the
pyramid, 14 % removed in the second level of the pyramid,
and eventually for 3 % of these candidate blocks the third the
level of pyramid are calculated. Therefore, the overhead of
these calculations approximately is equivalent to 2.4 search
points.

5 Discussion

As mentioned earlier, the proposed algorithms select a subset
of search points to minimize the error function. This selec-
tion is performed by learning automata. The third group
of algorithms, which we mentioned in Sect. 1, reduce the

computational cost of the error functions. In [22], a winner-
update strategy is utilized to avoid unnecessary computation
of the search positions, which can reduce a large portion of
the computation and guarantee finding the globally optimal
solution. In their algorithm, only the current winner position
with the minimal accumulated error is considered for updat-
ing the accumulated error function. This algorithm examines
all the candidate blocks in the search window, but skips the
unnecessary calculations of the error function for most can-
didates. In fact, the results of the algorithm are not exactly
the same as FSA. When two or more search positions have
the same minimum error function, the result depends on the
order of scan. VASLA-ME combines the techniques in the
first and the second categories (Sect. 1). In VASLA-ME,
some of the search points are selected by the LA and par-
tial matching error is computed by applying the hierarchical
pyramid and multi-resolutional Minkowski inequality. This
combination of two approaches in a single algorithm has
increased the ability of the algorithm for motion estima-
tion.

6 Conclusion and future works

In this study, we proposed three novel block-matching
algorithms based on learning automata (PLA-ME, TPLA-
ME, and VASLA-ME) for motion estimation. We com-
pared performances of these algorithms to some of the
other well-known block-matching algorithms. Experimen-
tal results demonstrate superior prediction quality for all the
proposed algorithms. Moreover, two of the proposed algo-
rithms are using less search points to find the best match,
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thus, they are more efficient than the other block-matching
algorithms. VASLA-ME and TPLA-ME on average only
check 8.92 and 10.86 search point, respectively. In this paper,
we applied LA to a basic machine vision problem and we
achieved promising results. For future works, we suggest
extending the application of LA to other machine vision
problems such as image inpainting and image segmenta-
tion.
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