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Abstract

In this paper, we propose an unsupervised change-
detection technique based on Self-Organizing Feature Map
neural network that discriminates the ”difference image”
by constructing two clusters. In the proposed network, the
number of input neurons is equal to the dimension of the
input pattern while the number of output neurons is two.
To confirm the effectiveness of the proposed technique a
comparative study is made with another existing context-
sensitive technique.

1 Introduction

In remote sensing applications, change detection is the
process of identifying differences in the state of an ob-
ject or phenomenon by analyzing a pair of images ac-
quired on the same geographical area at different times
[3]. In the proposed work, we have used Self-Organizing
Feature Map (SOFM) neural network for change detection
of remote sensing images. The number of input neurons
(units/processors) in the network is equal to the dimension
of the input pattern while the number of output units is two.

2 Change Detection using SOFM Neural Net-
work

Kohonen’s Self-Organizing Feature Map (SOFM) net-
work [2] consists of an input and an output layer. Let
m be the dimension of the input space and an input pat-
tern be denoted by �X = [x1, x2, ...., xm]. Let synaptic
weight vector of an output neuron j be denoted by �Wj =
[wj1, wj2, ...., wjm]T , j = 1, 2, ...l, where l is the total
number of neurons in the output layer. If synaptic weight
vector �Wi of neuron i is the best matched one with input
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vector �X, then the error (denoted as, ei) is as follows:

ei = argmin
j

|| �X − �Wj ||, j = 1, 2, ...l. (1)

The neuron i is then called the wining neuron for the input
vector �X . Let hj,i(n) denote the influence of the wining
neuron i to its topological neighbor j at epoch number n;
and similarly, dj,i denote the lateral distance between win-
ing neuron i and its neighbor j. Now hj,i(.) is defined in
such a way that it attains the maximum value at the wining
neuron i for which dj,i is zero and decreases monotonically
with increasing lateral distance dj,i. A typical choice of
hj,i(.) is

hj,i(n) = exp

(
− d2

j,i

2σ2(n)

)
(2)

where σ(n) represents the size of the topological neighbor-
hood at epoch n. The size of the topological neighborhood
shrinks with n. The synaptic weight updating process can
be simulated by the following equation:

�Wj(n + 1) = �Wj(n) + η(n)hj,i(n)( �X − �Wj(n)). (3)

The updating procedure moves the weight vector �Wi to-
wards the input vector �X. So repeated presentation of train-
ing patterns tries to make the synaptic weight vectors tend
to follow the distribution of the input vectors.

In the present investigation for change detection of mul-
titemporal remote sensing images, we first derived the dif-
ference image (DI) using Change Vector Analysis (CVA)
technique [3]. The input features are generated correspond-
ing to each pixels in the DI by taking the gray value of
that pixel and its neighboring pixels. Here 2nd order (N2)
neighborhood is considered. So the dimension of the in-
put pattern is nine. As in the present context there are only
two classes (changed pixels and unchanged pixels), the out-
put layer contains only two units; one is used to map the
input patterns into changed class (cluster) and the other to
unchanged class (cluster).
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3 Experimental Results

In our experiments, we used two data sets represent-
ing areas of Mexico and Sardinia Island (Italy). For Mex-
ico data multispectral images (512 × 512), acquired by the
Landsat Enhanced Thematic Mapper Plus (ETM+) sensor
of the Landsat-7 satellite, in an area of Mexico on April
2000 and May 2002 were considered. Between the two ac-
quisition dates, fire destroyed a large portion of the vege-
tation in the considered region. Sardinia data is related to
Mulargia lake of Sardinia Island. It consists of Landsat 5
TM images (412 × 300) acquired on September 1995 and
July 1996, respectively. Between the two acquisition dates
the water level in the lake is changed.

We compared the results provided by proposed technique
with the best results obtained with a context-sensitive tech-
nique published in [1] (hereafter referred as, EM+MRF).
Comparisons are carried out in terms of both overall er-
ror (OE), number of false alarms (i.e., unchanged pixels
identified as changed ones -FA) and missed alarms (i.e.,
changed pixels categorized as unchanged ones -MA) .

(a) (b)

Figure 1. Mexico data. (a) Reference map; (b)
Obtained change detection map

For Mexico data, the DI is generated using CVA by con-
sidering band 4 as it is very effective to locate burned area.
From Table 1, one can see that the overall change-detection
error obtained by the proposed technique is close to the min-
imum overall error yielded by EM+MRF technique. Figure
1(b) shows the change-detection map obtained by the pro-
posed technique, which is qualitatively comparable with the
reference map (the available ground truth was used to pre-
pare a reference map) shown in Figure 1(a). For Sardinia

Table 1. Mexico data
Techniques MA FA OE

Proposed 2440 834 3274
EM+MRF (β = 1.5) 946 2257 3203

data, the DI is generated by CVA using spectral bands 1, 2, 4
and 5. By analyzing the results as shown in Table 2, one can
conclude that the proposed technique provides better accu-
racy than the best result yielded by the context-sensitive

EM+MRF technique; and the change detection map (Fig-
ure 2(b)) resembles the reference map (Figure 2(a)). For
both the data sets, β value of EM+MRF technique was set
manually.

(a) (b)

Figure 2. Sardinia data. (a) Reference map;
(b) Obtained change detection map

Table 2. Sardinia data
Techniques MA FA OE

Proposed 664 1725 2389
EM+MRF (β = 1.7) 289 3856 4145

4 Discussion and Conclusion

The results obtained by the proposed approach is compa-
rable to those of the existing one. The presented technique
is distribution free, i.e., it does not require any explicit as-
sumption on the statistical distributions of classes. It is to
be noted that the performance of the proposed technique de-
pends on the parameter η. Further study needs to be done
for finding an optimum value of η automatically.
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