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Abstract. In the present work the searching capability of Genetic Algo-
rithms {GAs) is exploited to evalve suitable Hopfield type neural network
architectures for optimum change detection of multitemporal remotely
sensed images. Experiments carried out on two remote sensing images
confirm the effectiveness of the proposed technique.
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1 Introduction

In remote sensing applications, change detection is the process of identifying
differences in the state of an object or phenomenon by analyzing a pair of im-
ages acquired on the same geographical area at different times [1]. Two pre-
processed images, radiometrically and geometrically [2] corrected, are compared
pixel by pixel to generate a third image, called the difference image. Once im-
age comparison is performed, the change detection process can be carried out
by adopting either context-insensitive or context-sensitive procedure. Commonly
used context-insensitive techniques are based on image or histogram threshold-
ing which do not take into account the spatial correlation between neighboring
pixels in the decision process. To overcome this limitation, a distribution free,
context-sensitive and unsupervised change detection procedure based on Hop-
field network is suggested in [3].

In the aforementioned neural network based change detection procedure [3],
each spatial position (pixel} in the difference image is represented by a neuron
in the Hopfield network and it is fully connected to its neighhoring neurons.
But sometimes full connectivity may result in misclassification of a pixel. It is,
therefore, necessary to deal with variable connected networks for improving the
quality of the change detection map. In this article the searching capability of
GAs is exploited to evolve Hopfield type optimum neural network architectures
for context-sensitive unsupervised change detection in multitemporal remotely
sensed images.
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2 Hopfield’s Model of Neural Networks

A Hopfeld neural network consists of a set of neurons where output of each
neuron is fed back to each of the other neurons in the network. There is no
self feedback loop, and the synaptic weights are symmetric. Depending on the
output values a neuron can take, there are two types of Hopfield models: discrete
and continuous.

2.1 Discrete Model

In the discrete model, neurons are bipolar é.e., the output V; of neuron 4 is either
+1 or —1. Hopfield defined the energy function of the network [4] as
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where the weight W;; represents the synaptic interconnection strength from neu-
ron 7 to neuron 4, and z is the total number of neurons in the network; 8, is the
predefined threshold and I, is the initial input bias applied externally to the
neuron 4 The change of energy AE due to a change of output state of a neuron
i by AV is

AE=—| Y WV, +L-0,] AV, =~ [U, - 8] AV;. (2)
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Any change in V; makes AE negative. At each iteration, the energy value
decreases and the network reaches a stable state when its energy value reaches
the minimum [4].

2.2 Continuous Model

In this model, the output of a neuron is continuous and V, lies iz the range
[--1,+1]. The energy function ¥ of the continuous model is given by
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The function £ is a Liapunov function, and F; is the total input impedance
of the amplifier realizing a neuron i The last term in (3) is the energy loss ternm,
which becomes zero at the high gain region. Therefore, the only stable points
of the very high-gain continuous deterministic Hopfield model correspond to the
stable points of the discrete stochastic Hopfield model [4].
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3 Change Detection Based on Modified Hopfield Neural
Network Architecture

For change detection of two coregistered and radiometrically corrected multi-
spectral images Xy and X of size p x g, acquired over the same area at different
times T} and T3, at first the difference image D = {hn, 1 <m <p, 1 <n<g
is obtained by applying the CVA technique [1,2], where I, is the gray value
of the spatial position (m,n). A peuron is assigned to each (m,n) € D as
introduced in [5]. The spatial correlation between neighboring pixels is mod-
eled by defining the neighborhood systems N of order d, for a given position
(m,n) as N%,, = (m,n) + (w,v); (¢,v) € N The connection strength between
the (m,n)" and {w,v)* neurons Wi, wo = 1 if (u,2) € N%,.; otherwise,
Winwe = 0. Each neuron in the network is initialized by external input bias
Imn which is computed considering the optimal initialization threshold £y and
automatically derived initialization threshold ¢, [3]. The energy function of the
network as defined in [5] is as follows

e q
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In terms of images, the first part of (4) can be seen as the impact of the gray
values of the neighboring pixels, whereas the second part can be attributed to the
gray value of the pixel under consideration [5]. The minimization of (4) results
in a stable state of the network in which changed pixels (with output +1) are
separated from unchanged ones (with output -1}.

4 Architecture Evolution Using GAs for Change
Detection

The connectivity of a neuron allows the neighborhood information to be used for
deciding the class of the corresponding pixel as changed or unchanged. In case,
some of the neighbors are not completely corrected (geometrically or radiomet-
rically) in the preprocessing step or the pixel is in boundary region, then full
connectivity (which considers maximum neighborhood information) may result
in misclassification of the said pixel. It is, therefore, necessary to adopt variable
connected networks for improving the performance of change detection. This will
also enahle us to have less connectivity (¢.e., less expensive network) as compared
to the fully connected one, hesides the improved performance.

Here, each chromosome of a GA [6] represents a network architecture as it
is viewed in [7]. For a p x ¢ image, each pixel (neuron} being connected to at
most & of its neighbors, the length of the chromosome is p x g x k. If a neuron
is connected to any of its neighbors, the corresponding bit of the chromosome is
set to 1, else 0. Each network is allowed to run for change detection as described
in the previous section. The energy value obtained at the converged state of
a network is taken as the index of fitness of the corresponding chromosome
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(minimum energy corresponds to maximum fitness) for its selection for the next
generation. The best chromosome of the final population represents the Hopfield
type optimum neural network architecture.

5 Results and Analysis

To assess the effectiveness of the proposed approach, we consider remote sensing
data sets corresponding to geographical area of Mexico which is made up of two
multispectral images acquired by the sensor of the Landsat-7 satellite in April
2000 and May 2002 (Figs. 1(a) and 1(b), respectively). Between the two afove-
mentioned acqguisition dates, a fire destroyed a large portion of the vegetation
in the considered region. The corresponding difference image and the reference
map are shown in Figs. 1(c) and 1{d), respectively.

T

Fig. 1. Images of Mexico area. (a) Band 4 of the Landsat EI'M+ image acquired
in April 2000, (b) band 4 of the Landsat ETM+ image acquired in May 2002, (c)
corresponding difference image generated by CVA technique, and (d) reference map of
changed area.

After analyzing the histogram of the difference image (D1) generated by CVA
techuique, we observe that the highest peak is in the region of lower gray value. If
wo consider the properties of the DI, a reasonable assumption can be as follows:
a pixel having lower gray value exhibits a high probability of being in unchanged
class, whereas a pixel with higher gray value has a high probability of being in
changed class. This implies that most of the pixels and their neighbors in the
lower gray value region belong to the same area i.e., unchanged area. Hence,
for this region maximum neighborhood information can be used for deciding a
pixel’s class. On the contrary, as nature of the neighbors of rest of the pixels is
unknown, use of maximum neighborhood information may lead to their misclas-
sification. So we initialize the population of GA in such a way that if a pixel has
lower aray value then the corresponding bits in the chromosome will be | with
the probability 0.9: otherwise, it will be filled up with 0s and 1s with equal prob-
ability. The population size is kept fixed to 50. The generational replacement
technigue and elitist model are adopted here along with linear normalization
selection [G]. Multipoint crossover is implemented where number of cross-sites
is set to 1000 and crossover probability, p., is set to 0.9. It is expected that in
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the final architecture we have more 1s than 0s because most of the pixels will
be connected with move than half of their neighbors to use the contextual in-
formation. So we carry out the experiment with two different sets of mutation
probabilities py, and pp to preserve 1s more than preserving 0s. We mutate the
bit 0 with the probability p,, only, whereas bit 1 is mutated with probability
Dm X Pp. For second order connectivity, we have taken p,,=0.01, p,=0.01. The
mutation probahility, pm, is decreased to 0.001 in case of the first order connec-
tivity as the the length of the chromosome is much less in the first order than
in the second order. The network attains stable state around 350%* and 200
generations for the first and the second order connectivity, respectively.

In order to establish the effectiveness of the proposed technique, a comparison
is carried out between the change detection results produced hy the proposed
GA based method and those using the Hopfield-Tvpe neural networks (HTNN)
[3]. Results obtained using both the methods are put in Table 1. It shows that
the proposed model always produces less overall error {and a network with less
number of connections) as compared to the HTNN counterpart. Also, the second
order counectivity is found to he more effective than the first order.

Table 1. Change detection results obtained by the HI'NN and the proposed technique

Initialization | . No. of | No. of :
I;Ietwor]\ Comnectivity | Threshold | Tf-:clmlque | Missed | False | @aall i i 1
odel used used ) | earor Connections
| t; t alarms | alanns
34 HINN 1252 1640 2892 1048376
1* Proposed 1054 1749 2803 | 1027330
53 |HINN_[1102° 1802 [ 2904 | 1048576
Picose: |7 [Proposed [915 1878|2793 | 1035214
3l ) HTNN 1010 | 1740 2750 2097152
ud Proposed | 936 1711 2647 2083341
- | 5 [HINN__[608 12404 [3012 | 2097152
5 Proposed | 489 2309 2798 2085111
34 ) HTNN 1035 1554 2589 1048576
1 Proposed | 1120 1461 2581 1037125
) 31 HINN 660 2157 2817 1048576
Contitliols Proposed | 767 1907 2674 1035118
30 ) HTNN 733 211 2944 2097152
o i Proposed | 766 | 2108 | 2874 | 2077246
28 HTNN 558 2707 3265 2097152
| = |Propesed | 718 | 2403 | 3121 | 2060882

Figs. 2(a) and 2(b) depict the change detection maps produced by the HTNN
and the proposed technique, respectively for the first-order continuous model
with #;= 31. Figs. 2(¢) and 2(d), respectively, show the change detection maps
obtained using the HTNN and the proposed technique for the second order
discrete model with t1= 27. A visual comparison points out that the proposed
approach, due to a proper exploitation of the contextual information, generates
a more smooth change detection map compared to the fully connected one.

—
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Fig. 2. Change detection maps obtained using (a} the HI'NN technique, (b} the pro-
posed technigue [or first-order continuous model with {;= 31 and (¢) the HI'NN tech-
nique, (d) the proposed technique for second-order discrete model with t1= 27

6 Conclusion

Experimental results obtained on multitemporal data sets confinm the effec-
tiveness of the proposed GA based technique. The method always produces less
overall change detection error compared to the one achieved using HTNN model.
Additionally, the number of connections in the evolved network is always less
compared to the corresponding fully connected version.
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