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Abstract 
In this paper, we present an algorithm for two-dimensional (2-D) motion detection and velocity e s t i m a t i o n .  T h i s  algorithm 
is implemented with a five-layer fuzzy neural network. Here, velocity v e c t o r s  a r e  calculated at e a c h  pixel o f  t h e  image. The 
calculation is carried out by comparing brightness patterns in consecutive tmage frames, usmg fuzzy relatzons. A fuzzy 
control mechanism is employed to strengthen or weaken the results of the comparisons. The results of s i m u l a t i o n s  on 
thousands of synthetic image frames containing moving objects, under different noise and background shadmg conditions, 
show that the model is robust and not too sensitive to noise. 

1 Introduction 

Considerable effort has been spent on developing systems 
capable of processing image sequences which contain 
motion information and require an enormous amount of 
computation [1] [3] [6] [9] [10]. Parallel architectures seem 
to be the more economical and flexible solution for 
achieving the computing power required by motion 
estimation tasks. However, the existing parallel 
architectures cannot handle the uncertainty and imprecision 
that occur in computer vision in general and motion 
estimation i:1 particular. Furthermore, simple template 
matching or correlation schemes suffer from the problem of 
ambiguity in matching. In other words, these methods 
cannot extract the right match if there exist more than one 
possible match [9]. This problem can be overcome if the 
history of motion is taken into account. 

Fuzzy set theory was proposed by Zadeh [ 12] as a means for 
representing uncertainty and imprecision. It models 
imprecise modes of reasoning that play an essential role in 
making decisions in an environment of uncertainty and 
imprecision. Using fuzzy set theory, we can deal efficiently 
with uncertainty in motion estimation. 

More recently neural networks have emerged as powerful 
information processing systems. In this paper we employ 
both fuzzy set theory, which is able to handle uncertainty 
and imprecision, and neural networks, which benefit from 
robust parallel distributed processing, to process image 
sequences containing motion information. In the next 
section, we propose a fuzzy algorithm for motion 
estimation. In Section 3, we describe a five-layer fuzzy 
neural network which implements the proposed algorithm. 
The simulation results are presented and discussed in 
Section 4, which is followed by some concluding remarks. 

2 Proposed Fuzzy Algorithm 
Motion can be regarded as orientation in the spatio-temporal 
domain [2]. This fundamental fact has formed the basis of 
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the algorithm designed for motion estimation in this work. 
In the proposed method, motion evaluation does not depend 
on object detection. Calculation of the velocity vector, 
consisting of average speed and motion direction, is done 
for each pixel individually. Here, we assume that the 
temporal sampling interval is very short and that no 
significant changes occur between two consecutive frames. 
Moreover, each pixel in an image can move to one of its 
nine neighbouring pixels in the successive frame. This 
simplifying assumption is made so as to reduce the 
complexity of the algorithm and simplify the fuzzy-neural 
network architecture. However, the assumption made is not 
a limitatioh of the approach, but a pratical simplification. 
The approach can easily be extended to deal with the objects 
travelling more than one pixel per frame. 

It is well known that the computation of optical motion 
estimation is an ill-posed, ill-conditioned problem [6]. 
When noise is present in the input image, or when pixels 
have the same intensities, it is virtually impossible to find 
out which of the pixels in one frame has moved to a given 
pixel in the next frame if the matching criterion is based on 
pixel intensity values only. A solution to this problem is to 
assign a sector of the image consisting of the given pixel and 
its neighbouring pixels as a representative for the given 
pixel, then compare the sector from the second image with 
sectors of equal size from the first image within a certain 
search area [2] [11]. In our approach, the representative 
sector of a pixel is selected to be the 3 x 3 region comprising 
the pixel itself and its eight neighbouring pixels, as shown 
in Figure 1. 

The search area is limited to the 3 x 3-neighbouring sectors. 
To find out which of the nine possible pixels in the first 
image has moved to a given pixel in the second image, we 
search for the maximum similarity between the 
representative sector of the given pixel and the sectors 
representing its neighbouring pixels, in the first image. This 
is done using fuzzy relations and fuzzy operations. 

Simple template matching or correlation schemes suffer 
from the problem of ambiguity in matching. In other words, 
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if there exist more than one possible match, these methods 
cannot extract the right match [9]. In our approach, a fuzzy 
control mechanism is employed to strengthen or weaken the 
results of the comparisons. This allows the history of motion 
to be taken into account, which resolves the ambiguity 
problem in simple template matching or correlation 
schemes. Obviously, it is feasible to extend the sector size 
and/or the search area at the expense of computational 
complexity and cost. 

The sector {i,j) as a 
~:-;::~~~~~..._,~ representative 

for (i,j)th plxel. 

Figure 1: Representative sector of the (i,j)th pixel. 

A gray-tone image possesses ambiguity within each pixel 
because of the possible multivalued levels of brightness a 
pixel can have [7]. If the gray levels are scaled to lie in the 
range [0, 1], we can view a gray image as a fuzzy set. With 
the concept of fuzzy sets, an image X of size M x N and L 
gray-levels can be considered as an array of fuzzy 
singletons, each having a value of membership denoting its 
degree of brightness r~lative to some brightness level l, 
l = 0, I, ... , L- I. In the notation of fuzzy sets, X may be 
defined as 

X= UU!l lx m n mn mn 
(1) 

m= 1, 2, ... M, n= 1, 2, ... N 
where )l /x (0::;; )l ~ 1) is a fuzzy singleton which mn mn mn 
denotes the grade of possessing some brightness property 
llmn by the (m, n)th pixel [8]. The fuzzy property llmn may 
be defined in a number of ways with respect to any 
brightness level. In this work, a second-order S function [5] 
has been used as follows 

where 

and 

S (x;a, b, c) 
{

0 ifx$;a 
S1 if a< X~ b 

= s2 ifb<x$;c 
1 ifx>c 

2 
(x-a) 

SI ( x ;a, b, c) = -( b--'---a)____.{ c=--- a- ) 

2 (x- c) 
S2 (x;a,b,c)= 1- (c-b) (e-a) 

(2) 

(3) 

(4) 

Before proceeding with the details of how the similarity 
between a given sector in the second image and its nine 
neighbouring sectors in the first image is computed, let us 
describe the parameters we employ to measure the 
similarity an4 the variables we use to store the average 
velocity and motion direction of a given pixel (see Figure 2). 
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1) Last Velocity 
LV is a six-bit register which contains the time interval 
between two consecutive movements of a given pixel. Its 
content is updated whenever a new movement to that pixel 
is detected and used to calculate the average speed. 

Speed = I-LV/63 
where speed is measured in pixels per frame (ppt); the 
maximum speed that can be measured is 1 ppf, as stated in 
the assumption earlier. Note that the direction of movement 
is determined using the direction variables defined below. 
Since we are using six bits for LV, the pixel's speed can 
take only one of 64 possible values. This choice is arbitrary. 
Increasing the register length will increase the number of 
speed values that can be computed, but this also increases 
the complexity and size of the fuzzy neural netw~rk. 

Figure 2: Variables assigned to each pixel. 

2) Current Velocity 
CV is a seven-bit cpunter which represents the current 
velocity being measured for a given pixel. The content of 
this variable, which is increased by one at each sampling 
instant, measures the number of frames (sampling times) 
taken between two consecutive movements. When a new 
movement to a pixel is detected, the content of its CV 
variable is copied to the LV register, and then CV is reset 
to zero. Note that as soon as CV exceeds 63, its content _is 
clipped to 63 and copied to LV. This means that no 
movement has happened during the last 63 input frames. 
Although seven bits are used for CV, only the first six bits 
are used in the calculation of the current velocity. The 
purpose of adding an extra bit to CV is to establish the 
updating mechanism of the control variables which will be 
described later (Equation (6), Figure 5). 

3) Direction Variables 
The variables DW' DNW' DN, DNE' DE' DsE• Ds, Dsw• 

and D M are nine 6-bit registers called the direction 

variables. Each direction variable denotes a membership 
degree of possessing the velocity value stored in LV by the 
pixel in the corresponding direction, e.g. north east, middle, 
south west, etc. These variables are updated together with 
LV when a new movement to the pixel is detected. 
Calculation of the direction variables is performed using the 
following function 

y = expl-~2n2 J (5) 
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where ~ is a constant parameter, which can be selected by 
trial and error or by a learning algorithm, and n is an integer 
in the interval [0, 5]. 

The values of the integer n used to update the direction 
variables in Equation (5) are determined based on the 
estimated direction of motion. The pixel that moved is given 
n = 5, its two nearest neighbours are given n = 4 , and so 
on. Figure 3 illustrates two possible motion directions and 
the values of n corresponding to each direction variable. 
Note that n is always equal to 2 for the middle variable DM. 

(a) (b) 

Figure 3: Numbering example of the direction variables. 
(a) Movement from the south-west pixel (Jf). (b) 
Movement from the east pixel ( +-). 

4) Control Parameters 
Cw, CNW' CN, CNE' CE, CSE' C5, CSW' and CM are nine 
6-bit registers called control parameters. These parameters 
are used in the calculation of the similarity measure. They 
are updated once each sampling interval. In the update 
process, the values of LV and CV, and the value of the 
corresponding direction variable are used to calculate the 
new value of each control parameter. Figure 4 shows the 
variables that are needed in the calculation of the north-west 
control parameter of a given pixel. 

Figure 4: The variables needed for the calculation of the 
NW control parameter CNw· 

The update mechanism is formulated as follows: 

if o::;;cv::;Lv 

if LV< CV$LV + 63 

if LV+ 63 <CV 

(6) 

where 0 ::;Dx$63, 0 <LV$63, and 0$ CV$ 127. 

Figure 5 illustrates a graphical representation of the 
operation described by Equation (6) for updating the control 
parameters. The control parameters are used to suppress the 
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effect of input noise and solve the correspondence problem. 
That is, even when there is more than one good match 
between a sector in the second image and its neighbouring 
sectors in the first image, the best match can still be found. 
The reason is that both time domain and spatial domain 
information is included in the calculation of the best-
matched sector. In the spatial domain the similarity is found 
using the brightness patterns from two consecutive frames, 
whereas in the time domain the results of all previous 
calculations of similarity are used to strengthen or weaken 
the similarity between sectors. 

CNw 
63.0 - - - - - - - - - - - - - - - - - - - - - - -
DNw 

0 
0 LV 63 LV+63 127 

Figure 5: Graphical representation of a control 
parameter updating operation. 

As shown in Figure 5, a control variable is a dynamic 
parameter whose value is changed at each sampling instant. 
Since the sampling interval is small enough, an object can 
only change speed and direction smoothly and gradually. 
When a movement to a given pixel occurs, the movement 
will be transferred to the next pixel with approximately the 
same speed and same direction. Therefore, the possibility of 
transferring the motion from the receiving pixel to the next 
pixel is highest when the time index kept in the CV counter 
of the receiving pixel is nearly equal to the content of the 
LV register. This fuzzy mechanism reinforces the similarity 
measure in the next pixel at the appropriate time and 
weakens it at other times. The maximum reinforcement is 
achieved in the direction in which Dx has its maximum 
value specified by (5). 

Figure 6: Control parameters which are utilized In 
calculation of the similarity measure for the (l,j)th pixel. 
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Having explained how to extract the control parameters, we 
now describe how the similarity measure is calculated. First, 
all the similarities between the representative sector of a 
given pixel in the second image and its nine neighbouring 
sectors in the first image are measured. The operation on the 
sector's brightness patterns is done using the absolute 
difference fuzzy operator [4]. As a result, nine similarity 
values are obtained for each pixel. Then the nine measured 
similarities are strengthened by nine control parameters in 
each pixel. The control parameters which are used for this 
purpose come from the neighbouring pixels, except the 
middle control parameter which is taken from the pixel itself 
(see Figure 6). 

The strengthening operation is performed using the 
algebraic product fuzzy operator [4] . Nine match indicators 
are calculated for each pixel as shown in Figure 7. Each 
match indicator expresses the final degree of similarity 
between the representative sector of a pixel and its nine 
neighbouring sectors in the preceeding image. The best 
match sector can then be easily specified using the max-
bounded-difference compositional rule of inference [ 4]. 

Best Match 
Figure 7: The parameters used for extracting the best 
match between the representative sector of the (i,j)th 
plxel and its nine neighbouring sectors. 

After the bes match sector is extracted for a given pixel, its 
average velocity and movement direction are readily 
available. If the best match to the sector representing the 
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(i,j)th pixel is the (i,j)th sector in the previous frame, then 
no movement has occurred at this pixel. In this case, the CV 
counter is increased. If the content of the CV counter 
exceeds 63, there is no movement to this pixel. If the best 
match is not the (i,j)th sector, then a movement has 
occurred from the pixel with the highest best match index to 
the given pixel. In this case, the content of CV which 
represents the time of travel is transferred to LV. The CV 
counter is then reset to zero. 

The features of the proposed algorithm are: 

1) Suppressing the effect of noise. 

2) Solving the correspondence problem, i.e., the problem of 
finding the correct match among other possible matches 
in brightness patterns. 

3) Robustness against changes in luminance. 

3 Implementation 

The proposed algorithm for motion estimation was 
implemented using the five-layer feedforward fuzzy neural 
network [ 4] shown in Figure 8. The inputs to the network are 
two image frames of size 64 by 64, each with 64 gray-levels. 
The outputs are velocity vectors consisting of speed and 
motion direction for each individual pixel of the image. 
Seven different fuzzy neurons were utilized in different 
layers of the fuzzy neural network. The fuzzy neurons are 
simplified versions of the generic fuzzy neuron proposed in 
[4]. 

The first layer is the input layer which accepts a pattern into 
the network. It consists of two sets of 64 x 64 input fuzzy 
neurons (INPUT-FNs). The first set of INPUT-FNs is 
allocated to the current frame, and the second set to the 
previous frame. There is a 64 x 64 memory unit reserv~d 
for storing the previous frame. At each sampling instant, 
when a new image frame is acquired, the current image is 
overwritten into the memory forming the previous image 
frame. Each INPUT-FN in this layer corresponds to one-
pixel of the previous or current frame. To express the input 
image in terms of fuzzy sets, we consider the image as an 
array of fuzzy singletons, each having a membership value 
indicating its degree of brightness in the interval [0,1], 
Equation (1). To determine the membership value, !lmn, we 
use the second order S function 

Jl(x) = S(x;0,31,63) (7) 

where x is the pixel intensity in the interval [0, 63]. Each 
INPUT-FN determines a membership value for its input 
pixel by implementing the function described by Eqn. (7). 

The purpose of the second layer is to determine the 
similarity values between the representative sector of each 
pixel in the current frame and its neighbouring sectors in the 
previous frame. The absolute difference fuzzy operator is 
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employed for this purpose. For each pixel, there are nine 
similarity fuzzy neurons (SIM-FNs) in this layer. For a 
64 x 64 input image, there are a total of 9 x 64 x 64 SIM-
FNs allocated to it in the second layer. For a given pixel, the 
single output of its corresponding INPUT-FN plus eight 
single outputs of its neighbouring pixels determine the nine 
elements of the universe of discourse, i.e., the pixel's 
representative sector. 

The third layer determines the match indices between the 
representative sector of a pixel in the current frame and its 
neighbouring sectors in the previous frame. This is done 
using similarity values and control parameters described 
above. For each pixel, the nine single-element similarities 
measured by nine SIM-FNs in the second layer are 
strengthened with nine control parameters. This operation is 
carried out through a match fuzzy neuron (MA TCH-FN). 
There are 64 X 64 MATCH-FNs in the third layer, each 
allocated to a pixel. 

LAYER 5 

LAYER 4 

LAYER 3 

LAYER 2 

Figure 8: Architecture of the fuzzy neural network for 
motion estimation. 

The calculation of the direction variables is carried out in the 
fourth layer. This operation is carried out through nine 
direction fuzzy neurons (DIR-FNs). There are 9 X 64 X 64 
DIR-FNs in the fourth layer, nine neurons for each pixel. 

The fifth layer is the last layer of the fuzzy neural network. 
The calculation and updating of the control parameters are 
carried out in this layer. There are three different types of 
fuzzy neurons used for extracting the control parameters of 
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a given pixel. Therefore, the total number of the neurons in 
Layer 5 are 3 x 64 x 64. For a given pixel, the inputs to this 
layer are the pixel's LV register, the pixel's CV counter, 
and nine direction parameters. The output of this layer are 
nine control parameters whose values vary in the interval [0, 
1]. The calculation of the control parameters is done using 
Equation (6). This function is implemented by a curve fuzzy 
neuron (CURVE-FN), a current velocity fuzzy neuron (CV-
FN), and a control fuzzy neuron (CTRL-FN). 

4 Experimental Results 

Simulation studies have been conducted to demonstrate the 
performance of the proposed fuzzy neural network for 
motion estimation. Two experiments were conducted. The 
first consisted of four simulations of objects moving with 
different speeds and trajectories. The objective of this 
experiment was merely to test the simulator and evaluate the 
motion estimator. The second experiment consisted of 
twenty four simulations of a moving object with six 
different velocities under four different noise conditions. 
The objective of this experiment was to measure the error 
values in the estimated average velocities in noise free and 
noisy environments. 

4.1 First Experiment 

This experiment was performed to test the ability of the 
system to detect moving objects and estimate their average 
velocities. We considered objects C•f different shapes, 
brightness patterns, and velocities. In this experiment we 
conducted four different simulations; we present only one 
figure for each simulation, Figures 9-12. Each figure 
contains three types of images: input frame (left), output 
frame(right) and computed average velocities (bottom). In 
the output frames, the darker the pixel is, the higher is its 
average velocity. The fuzzy neural network calculates the 6-
bit average velocities in pixels per frame (ppf). The 
maximum average velocity an object can possess and still be 
detectable by the system is 1 ppf. The graph in the bottom 
section of the figure illustrates the computed average 
velocities, represented by arrows, at the end of the 
simulation. The size of each arrow indicates the last average 
velocity of the corresponding pixel; the smaller the arrow is, 
the lower is the pixel' s average velocity. The direction of the 
arrow shows the direction of the last movement to the pixel. 
For pixels with no arrows, the average velocity is zero. 

Simulation 1.1: In this simulation we examined the 
response of the fuzzy neural network to an object moving 
horizontally from left to right. During movement, the object 
increases its speed continuously. When the object leaves the 
scene in the last frame, it possesses the maximum possible 
speed, i.e., 1 ppf. We used 1739 image frames in this 
simulation. Figure 9 illustrates the results of this simulation. 

Simulation 1.2: In this simulation, there are two objects 
moving diagonally from top to bottom in opposite 
directions. The object which starts from the top-left corner 
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and finishes at the bottom-right corner, travels at a lower 
speed (0.06667 ppf) than the other object, which moves at a 
speed of 0.2 ppf. We used 770 image frames in this 
simulation. Figure 10 shows the results obtained. 

Simulation 1.3: Figure 11 shows the results of the third 
simulation, which contains 741 image frames. The input 
image sequence contains a single object moving around a 
circle with a constant speed of 0.2 ppf. The background 
brightness varies continuously from dark to bright. 

Simulation 1.4: Figure 12 illustrates the results of the last 
simulation in the first experiment. Here an object travels 
along a circular trajectory with varying speed. The object 
starts travelling clockwise from the top of the circle with the 
lowest speed in this experiment (0.02381 ppf). The object 
increases its speed continuously. When the object rotates 
90°, the speed reaches 0.2 ppf (which is the highest speed 
in this simulation). Then the object starts decelerating, and 
the speed is decreased continuously until the object reaches 
the bottom of the trajectory. This trend is repeated again 
until the object returns to the starting point (i .e., top of the 
circle). A total number of 3624 image frames were used in 
this simulation. 

4.2 Second Experiment 

In this experiment we determined the influence of noise on 
the system performance by measuring the output error under 
different noise conditionll. We conducted twenty four 
simulations, which are classified into six groups. In each 
group, there is an object moving horizontally from left to 
right at a constant speed. The six selected velocity values are 
samples from the range of possible velocities the system can 
detect (from 0 ppf to 1 ppf). In each group, we conducted 
four different simulations: 1) noise free input images, 2) 
input images with SNR = 22dB, 3) input images with 
SNR = 17dB,4)inputimageswithSNR = 12dB.Inthis 
paper, we present the results obtained from two groups of 
simulations only, Figures 14 and 15, one figure for each 
group of simulations. The results from the other groups of 
simulations are consistent with those presented here. For 
each simulation, two graphs are presented which indicate 
the percentage relative error of estimated average velocities. 
The left graph shows percentage relative error versus frame 
number calculated only for the pixels which should receive 
a movement in each sampling interval; this is to find out the 
relation between the system performance and velocity 
values. The right graph indicates the percent relative error 
versus frame number averaged for all the pixels in the 
image; this is to measure the overall performance of the 
system. Note the difference in scales between the left and 
right graphs. 

To measure the performance of the system in the presence 
of noise, we added gaussian white noise to the imput imges. 
Figure 13 shows four sample input images: (a) noise free, 
(b) noisy with SNR = 22 dB, (c) noisy with SNR = 17 dB, and 
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(d) noisy with SNR = 12 dB. The signal-to~noise ratio (SNR) 
is defined as follows 

SNR = 10 log 10 ( ::r (8) 

where cr s and cr n are signal and noise powers, respectively. 

Simulations 2.1.1-2.1.4: In this group of simulations, the 
object moves horizontally from left to right with a constant 
speed of 0.2 ppf. The results of the simulations are presented 
in Figure 14 (a)-( d). Figure 14 (a) illustrates the results for a 
noise free situation, and Figure 14 (b)-(d) illustrates the 
noisy cases with SNR = 22 dB, 17 dB, and 12 dB 
respectively. We used 263 image frames in these 
simulations. 

Simulations 2.2.1-2.2.4: In this group of simulations, the 
object travels horizontally from left to right with a speed of 
0.02222 ppf. A total of 2383 image frames were used in 
these simulations. The simulation results are presented in 
Figure 15. 

4.3 Discussion 

In the first experiment we simulated the fuzzy neural 
network and tested it on different image sequences to make 
sure that the system works well under different conditions. 
We used different object shapes, brightness patterns, speeds 
and trajectories, and also employed different background 
patterns. Although our choices are not the worst cases for 
proving the performance of the fuzzy neural network, they 
are not the easiest either. They are reasonable examples of 
conditions in which the detection of a moving object and 
estimation of its velocity is neither very easy nor very 
difficult. All of the obtained results are reasonably good. 

In the second experiment, the moving object had the same 
shape, brightness pattern, and trajectory in all simulations, 
but the object speed and the level of noise in the input 
images varied from simulation to simulation. We selected 
six different velocities, which cover the entire range of 
possible velocities the system can detect. This gave us a 
good indication of the system performance for various 
velocities. As can be seen from the relative error graphs in 
Figures 14 and 15, there is a transient error at the beginning 
of each simulation. This error occurs because of the nature 
of the system. As was mentioned before, the system 
calculates the average velocity, based on previously 
obtained velocities. Since at the beginning of each 
simulation, there are no previously calculated velocities, the 
error is expected to be large. This error reduces quickly as 
more frames are processed, and decreases more rapidly if 
the velocity is high. This transient behaviour of the system 
can be improved by changing the initial values of the 
variables which keep the last velocity values of the pixels. 
This can be done by a learning procedure. 

As can be seen from the results, for the noise free 
simulations (Figures 14-15 (a)), there is no error in 
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calculation of the velocity vectors (except for transition 
errors). This shows that the system works well in the 
absence of noise. 

The system also works well if the noise level is moderate. 
Figures 14-15 (b) illustrate the effect of moderate noise 
(SNR = 22 dB) on estimated velocities. Comparisons of the 
relative error graphs with their noise free counterparts show 
that there . are no significant differences in error levels 
between the two cases. This proves the robustness of the 
algorithm to noisy conditions. 

Furthermore, it was found that as the noise level increases 
from moderate to high, the system performance deteriorates 
slowly and gracefully. For a SNR of 17 dB, the results are 
given in Figures 14-15 (c). Note that the relative errors for 
pixels which should receive motion (left graphs) do not 
exceed 10% (except in the transient phase), and the errors 
averaged over the entire frame (right graphs) are below 
0.05%. For high noise levels (SNR = 12 dB), the results are 
presented in Figures 14-15 (d). The relative errors, in these 
figures, are below 20% for pixels receiving motion, and 
typically are around 10%; the errors averaged over the entire 
frame are below 2%. The sharp changes in error levels, that 
occurred in these simulations, are due to similar noise 
patterns occurring in two consecutive frames. When this 
happens, it causes a false motion detection in some pixels; 
thereby, inducing an error in the velocity estimate of these 
pixels. This effect can be reduced by increasing the size of 
the sector representing a pixel, or by introducing some 
preprocessing such as low-pass filtering. 

According to the simulation results discussed above, the 
fuzzy neural network showed a good performance in 
detecting moving objects and estimating their velocities. 
Although the noise levels were high, especially in the last 
case, the error levels are reasonably low. In addition, the 
results show that the performance of the system does not 
depend on velocity values of the moving objects. 

5 Conclusions 

In this paper we proposed an algorithm for motion detection 
and velocity estimation to be implemented by a fuzzy neural 
network. In the algorithm, the direction and speed of motion 
are estimated not only using a comparison between 
brightness patterns in consecutive image frames by fuzzy 
relations, but also employing a control mechanism to 
strengthen or weaken the results of the comparisons. The 
proposed algorithm possesses the following features. 

1) It suppresses the effect of noise. 

2) It solves the correspondence problem. 

3) It is robust against changes in background intensity. 

The architecture of a five-layer fuzzy neural network which 
implements the motion estimation algorithm was also 
presented. The proposed fuzzy neural network can be easily 
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expanded to process frames contammg moving objects 
travelling more than one pixel per frame. We evaluated the 
performance of the fuzzy neural network in simulation 
studies. According to the simulation results, the fuzzy 
neural network showed a good performance in detecting 
moving objects and estimating their velocities. Although the 
noise levels were high, the error levels were low. In 
addition, the results showed that the performance of the 
system does not depend on the velocity values of the moving 
objects nor does it depend on the background conditions. 
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Figure 9: An object moving horizontally from left to right 
with varying speed. During movement, the object 
Increases its speed continuously. When the object 
leaves the scene in the lasf frame, it possesses the 
maximum possible speed, i.e., 1 ppf. 
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Figure 10: Two objects moving diagonally from top to 
bottom In opposite directions. The object which starts 
from the top-left corner and finishes at the bottom-right 
corner, travels with a speed of 0.06667 ppf. The other 
object travels at a speed of 0.2 ppf. 
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Figure 11: An object moving on a circular path with a 
constant speed of 0.2 ppf. The background brightness 
varies continuously from dark to bright. The bottom 
graph shows the computed speed of each pixel, 
represented by an arrow. 
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Figure 12: An object travels along a circular trajectory 
with varying speed. The object starts travelling 
clockwise from the top of the circle with a speed of 

0.02381 ppf. When the' object rotates 90° , the speed 
reaches 0.2 ppf (see text). 
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(a) (b) (c) (d) 

Figure 13: Four sample input images: (a) Noise free input, (b) noisy Input SNR = 22 dB, (c) noisy input SNR = 17 dB, 
and (d) noisy input with SNR= 12 dB. 
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Figure 14: Relative errors for an object speed= 0.2 ppf. (a) 
Noise free, (b) SNR = 22dB, (c) SNR = 17dB, (d) SNR = 12dB. 
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Figure 15: Relative errors for an object speed= 0.02222 ppf. (a) 
Noise free, (b) SNR = 22dB, (c) SNR = 17dB, (d) SNR = 12dB. 
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