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Abstract 
 

A new neural network-based approach is proposed 
to estimate motion hierarchy in image sequences 
taking into consideration motion discontinuities. The 
network consists in an input layer, an intermediate 
layer and an output layer. In order to estimate the most 
likely displacement at each pixel, we have transposed 
the block matching approach into the neural network 
approach and add mechanisms to detect motion 
discontinuities. Information redundancy allows for 
parallel processing in view of real-time complex 
motion estimation tasks. Preliminary tests on synthetic 
and real images are very promising.  
 
1. Introduction 
 

Neural networks constitute an interesting approach 
to deal with, from new points of view, the problems of 
perception, memorization, learning and reasoning. 
Formal neural networks constitute also a very 
promising alternative to circumvent some limitations 
of conventional approaches. Thanks to their natural 
ability to parallel processing of information and their 
mechanisms based on nerve cells (biological neurons), 
they are able to deduce emerging properties to solve 
problems qualified as complex. 
 

The motion detection and estimation methods are 
generally based on the assumption of pixel brightness 
conservation over all the image sequence. In other 
words, the intensity at each material point is supposed 
to be preserved during motion. The developed methods 
are generally evaluated according to the following 
criteria: accuracy, robustness against image noise, and 
computing time. In this paper, we propose a new 
approach based on neural networks which has the 
properties to be robust and parallelizable. The 

performances of this method are evaluated on both 
synthetic and real image sequences. 
 
2. State of Art 
 

The proposed method relies on a neural network 
formulation of a block matching strategy similar to that 
presented by Torok et al. [5] but with an ascendant 
approach from the pixels to the regions and objects, as 
in the Castellanos's method [6]. This latter approach is 
inspired from the motion perception in primates. The 
method presented by Seiffert and Michaelis used 
Kohonen maps to achieve a classification of moving 
objects [13,14]; this approach requires a priori 
information about the objects composing the scene. 
The method presented by Stocker [7,8] combines the 
model of Horn and Schunck [15] with an additional 
constraint which slightly bias to some a priori 
reference motion. On the contrary, our method does 
not require a priori knowledge on the objects 
composing the scene. One main interest of neural 
network based methods stands on the possibility to 
exploit parallelism in order to minimize computing 
time. Torok et al. have tested there method on a 
Cellular Neural/Non-linear Network Universal 
Machine (CNN-UM) [5] while Stocker has developed 
a hardware implementation of his method [7,8]. This is 
also one of our objectives. 
 
3. Network structure 
 

Motion is estimated in sequences with images of 
dimension n x m. Our approach considers either image 
pairs or multiple consecutive frames up to the entire 
sequence. Drawing on vision system for humans, we 
propose a new neural network to estimate the 
movement at each pixel and also detect the dominant 
motion in a sequence. Parallel processing can be 
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envisaged at several levels in order to speed up the 
motion analysis process. 
 
3.1. Network structure and interconnections 
 

At the level of the human brain, the organization of 
the visual system has several hierarchical layers called 
visual areas. The best known are the primary and 
secondary visual areas which are surrounded by several 
visual areas. For motion interpretation, there exists, in 
the primary visual area, neurons dedicated to the 
detection of directional structures and neurons 
dedicated to motion detection. By analogy, we have 
designed our neural network topology based on a layer 
hierarchy. Also inspired from the human visual system, 
3D matrices record information about the direction and 
the magnitude of the motion at each pixel. This 
informations will be refined thereafter to detect motion 
discontinuities. 
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Figure 1.  Network Topology 
 
The network is composed of three layers (figure 1). 

An input layer composed of b neurons eij, where b 
represents the number of block elements. The second 
layer is an n x m matrix of neuron cij having the same 
size as the image of the sequence. Each neuron cij is 
connected to all the neurons from the input layer. An 

output layer is composed of sij neurons which has the 
same size as the previous layer. The sij neurons are 
connected to cij neurons and their neighbors. 
 
3.2. Weight matrices 
 

There are three weight matrices noted W, P, A, 
respectively: 

 
W=(wij

k) : (i =1,..,n ;  j=1,..,m ; k=0,..,8) is a three-
dimensional matrix of weight connections between the 
neuron of the intermediate layer with neurons of the 
input layer. The weight wij

k
 consists in a triplet: the first 

component is the intensity of the kth neighboring pixel 
of pixel ij; the second component represents the 
number of times where this neuron is moved into the 
direction of the kth neuron. When considering the first 
order neighborhood, we have nine possible 
displacements: 8 elementary pixel displacements and 
the 9th for the absence of movement. The third value 
expresses the amount of displacement. The second and 
the third values are initialized to zero.  

 
P=(pij

k) : (i =1,..,n ; j=1,..,m, k=1..8) is the weight 
matrix of the neuron connections of the intermediate 
layer with their first order neighbor. Each neuron of the 
intermediate layer holds one vector of 8 elements (if 
we consider a 1st order neighborhood). The pij

k weight 
represents a force exerted by the neuron ij (i.e. the 
displacement contribution) onto the kth neighbor 
(Figure 2.c) This notably allows for disregarding 
isolated neurons (Figure 2.c) and also detecting motion 
discontinuities between regions animated with different 
motions (Figure 2.b) at the operational phases (see 
section 4.3) 

 
A=(aij

k) (i =1,..,n ;  j=1,..,m, k=0,..,8) is the weight 
matrix for the connections of  neurons of the output 
layer with the  counterpart neurons of the intermediate 
layer and its neighbors. The weight aij

k is composed of 
two values. The first value represents the direction of 
the displacement at the pixel among the nine 
possibilities, while the second value represents the 
displacement magnitude at the same pixel. This matrix 
is mainly exploited for estimating the motion taking 
into account the discontinuities. Each neuron sij of the 
output layer is connected to a block of the intermediate 
layer. This block is constituted by the neuron cij and its 
neighbors. We have nine connections therefore nine 
pairs of values at each neuron (probable displacement 
direction and magnitude) . The idea is to exploit the 
information hold by the neurons neighbors of cij to 
influence the choice of the displacement direction and 
magnitude of this neuron. This will have an influence 

357



when a neuron is isolated (Figure 2.(c)) or when it is 
part of a motion frontier (discontinuity, Figure 2.(b)). 
Finally, a single pair of values is selected for this pixel 
which gives both the motion direction and magnitude 
of the neuron sij. 

 
Note that the size of the block plays an important 

role in the result accuracy. The higher the block size 
the better the accuracy. At another level, we have 
chosen to have redundant information in the matrix A 
in order to allow for  parallel processing for all neurons 
aij. 

 

 
(a) 

   
(b) (c) 

 
Figure 2. Neuronal interactions at the intermediate 
layer (a) f1 = pij

k represents the force exerted by cij 
onto ci-1j+1, the kth  neighbor of cij . f2 = pi-1j+1

k’ 
represents the force exerted by ci-1j+1 on cij, the k’th 

neighbor of ci-1j+1. (b) the case of motion discontinuity 
(c) isolated neuron. 

 
 
4. Network mechanism 
 
4.1. Initialization phase 
 

In a first step, the matrices of neuronal interaction P 
and the weight matrices W, A are initialized (eq.(1)). In 
a second step, we construct the learning set where each 
image at time point t is represented by EP, the set of 
blocks Xij

t with a fixed size (eq.(2)  and figure 3). The 
construction of the learning set results in redundant 
information. This redundancy allows, during the 
learning phase, to separate the block matching process 
for every pixel in the search window. This 

independence allows for parallel processing on a 
parallel computer or the development of an electronic 
circuit dedicated to this specific neural network 
architecture. 
 
- 0k
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- 0k
ijp =          

- 0
ij ijw I=   Intensity of pixel ij 

- 1, 1 , 0k
ij i jw I k± ±= ≠   
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EP={Xij

t,   i =1..n;  j=1..m ;  t=1..T}                          (2) 
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Figure 3. Decomposition example of an image into 

blocks of 9 pixels 
 
4.2. Learning phase  
 

In the learning phase, an element (Xij
t) of the 

learning set EP is presented to the input layer at each 
iteration (Figure 4). We seek for the winner neuron by 
applying the block matching principle between the 
values brought by the neurons of the input layer and 
the intensity values of one neuron and its neighbors 
such that this neuron is an element of the search 
window. The winner neuron c* is the neuron which 
presents the minimal intensity difference (eq. (3-4)). Its 
weight is then updated according to the chosen 
direction as in (5). This process is repeated for all 
elements of the learning set. As a result, we obtain a 
matrix which associates to each direction of each 
neuron one weighting. The weighting represents the 
probability that the corresponding pixel moved to the 
associated direction. The most probable direction for 
each neuron can be derived from the highest 
probability value. 
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Figure 4. Setting up correspondence between input 
neurons and one block of the search window 
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Figure 5. Search window with a second order 
neighborhood 

 
4.3. Operational phase 
 

In the operational phase, we operate on the inter-
neuronal interactions in order to detect the 
discontinuities. The interactions are represented by the 
movement associated with each pixel. Each given 

direction for a pixel represents a force exerted onto the 
corresponding neighbor. Neighbors with the same 
displacement direction create a displacement field, (6) 
(7). Taking into account these forces and these fields, 
we can deduce the discontinuities over the whole 
image. We have therefore the matrix A which has two 
values for each pixel: the direction (8) and the 
magnitude of displacement (9). 
 

** / (1) max( (1)) 0..9   k k
ij ij ijk p p with kλ ← = =        (6) 
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5. Results 
 

The method has been tested on synthetic and real 
image sequences. The first synthetic sequence (Figure 
6) is composed of six images of a thorax that 
underwent a translation along the diagonal at a 
constant speed. Our approach allowed deducing the 
exact dominant motion into the sequence. The result in 
figure 8.a is obtained using a second order 
neighborhood (Figure 5) and a search window with 
size 7x7. In a second sequence, a non rigid dilation is 
applied to the same thorax image (6 images). The 
result for this case is displayed in figure 8.b. We used 
the same neighborhood search window size as with the 
previous sequence. Our method has been also tested on 
two real standard sequences. The first one comes from 
the Rubik’s cube sequence. In this 2-image sequence, 
the cube exhibits a slight rotation. The results are 
depicted in Figure 9.a. The second sequence is 
composed of two images representing three cars 
(sequence known as Hambourg taxi) where each of 
them has a different motion direction (Figure 9.b). 
Within those various sequences that contain different 
objects with different movements (translation, rotation, 
homothety, etc), the method achieved very satisfactory 
results. 
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Figure 6. First image of the thorax test sequence 
 

The graphs in Figure 7 represent motion vote for 
two pixels taken as an example. The graph abscissa 
represents the 9 possible motion directions (the lack of 
motion corresponds to the value 5). The ordinate 
indicates the number of times the given pixel/neuron 
has a preferred direction. For example, in Figure 7.b, 
the pixel (150x150), has two peaks, one in (1,4) and 
the other one in (7,1). In other words, during the 
processing of the 6 images of the sequence, motion in 
direction «1» has been selected 4 times while motion in 
direction «7» has been selected only once. So the 
probability that it moved in direction «1» is 0.8. 

 
(a)  

 
 (b) 

 
Figure 7.  (a) Dominant motion of pixel «150x150»  
(b) Dominant motion of pixel «200x200» from the 6 

images of sequence 8(a)  

 
(a) 

 
(b) 

 
Figure 8. (a): Displacement field obtained with the 

synthetic translation sequence. (b): Displacement field 
obtained with the dilation sequence 

 

  
 

(a) 
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(b) 

Figure  9.  (a) Displacement field obtained with the 
Rubik’s cube image pair. (b) Displacement Field 

obtained with the Hambourg taxi image pair.  
(KOGS/IAKS Universität Karlsruhe) 

 
6. Conclusion 
 

We proposed a new method for motion estimation in 
image sequences based on a new neural network 
architecture. This network has a specific topology 
dedicated to motion estimation inspired from the 
human vision system. It combines the advantages of 
both the block matching method and the neural 
networks. Instead of saying that all the neighboring 
pixels move in the same direction, we introduced a 
new concept of neuronal force interaction. This 
information enabled us to better express the 
relationship between the neighboring pixels which 
helps to detect motion discontinuities between 
neighboring regions. The duplication of information at 
two levels of the network allows for parallel 
processing. In addition, considering that the proposed 
network has local connections, a hardware 
implementation can be developed and is susceptible to 
present very interesting performances. 
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