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Abstract— In this paper, a spatiocontextual unsupervised
change detection technique for multitemporal, multispectral
remote sensing images is proposed. The technique uses a Gibbs
Markov random field (GMRF) to model the spatial regularity
between the neighboring pixels of the multitemporal difference
image. The difference image is generated by change vector
analysis applied to images acquired on the same geographical
area at different times. The change detection problem is solved
using the maximum a posteriori probability (MAP) estimation
principle. The MAP estimator of the GMRF used to model
the difference image is exponential in nature, thus a modified
Hopfield type neural network (HTNN) is exploited for estimating
the MAP. In the considered Hopfield type network, a single
neuron is assigned to each pixel of the difference image and is
assumed to be connected only to its neighbors. Initial values of
the neurons are set by histogram thresholding. An expectation–
maximization algorithm is used to estimate the GMRF model
parameters. Experiments are carried out on three-multispectral
and multitemporal remote sensing images. Results of the
proposed change detection scheme are compared with those of
the manual-trial-and-error technique, automatic change detection
scheme based on GMRF model and iterated conditional mode
algorithm, a context sensitive change detection scheme based
on HTNN, the GMRF model, and a graph-cut algorithm.
A comparison points out that the proposed method provides
more accurate change detection maps than other methods.

Index Terms— Change detection, markov random field (MRF),
maximum a posteriori probability (MAP) estimation, hopfield
neural network, multitemporal images, remote sensing.

I. INTRODUCTION

THE process of detecting changes in multitemporal,
multi spectral remote sensing images is fundamental in
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many different applications, including environmental moni-
toring [1], land cover dynamics [2], forest monitoring [3],
geographical survey [4], urban studies [5], etc. Generally, for
change detection, a pair of multitemporal images acquired
on the same geographical area at different times is analyzed.
The most widely used unsupervised change detection scheme
includes three fundamental steps: preprocessing, comparison
and analysis [6]. The preprocessing stage includes normal-
ization of the available multitemporal remote sensing images
(i.e., co-registration, radiometric correction, geometric cor-
rection, atmospheric correction, etc. [7]), so that they can
be used in the subsequent stages. In the comparison step,
the multispectral remotely sensed images taken over the
same geographical area at different times are compared using
suitable mathematical operators like, single band differenc-
ing, vector differencing, ratioing, etc. Change vector analysis
(CVA) [7] based difference image generation scheme is a
popular technique. In the CVA-based scheme the difference
image is generated by analyzing the magnitude of the spectral
change vectors obtained from vector difference of each pair
of corresponding pixels.

The analysis step is aimed at producing the final change
detection map. Fung and LeDrew [8] proposed a single
hypothesis testing thresholding scheme for detecting changes
in multispectral image data. Those pixels in the difference
image having grey values significantly different from the mean
of the whole image are identified as the changed pixels.
Although it is an old technique, it is still in active use
for different remote sensing change detection applications.
An unsupervised change detection technique has been studied
by Bovolo et al. in [9]. Here the authors presented a change
detection approach that jointly analyze the spectral channels
of multitemporal images in the original feature space. This is
accomplished by a semi-supervised support vector machine,
where a Bayesian thresholding scheme [10] is exploited for
deriving an initial “pseudo” training set. All the above men-
tioned techniques are pixel based, and do not take into account
the spatio-contextual information.

It is normally observed that information contained in
a pixel in an image has a strong correlation with that of
its neighboring pixels. Hence, the changes occurring at a
particular location of an image are more likely to occur
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in a connected region rather than at disjoint points. This
indicates that a more accurate change detection map can be
generated by considering context-sensitive approaches rather
than context insensitive ones.

Gibb’s Markov Random Field (GMRF) is a spatio-
contextual statistical model mainly used for partitioning an
image into a number of regions with the constraint of Gibb’s
distribution as prior probability distribution [11]. In GMRF, the
spatial property of the image can be modeled through different
aspects, among which, the contextual constraint is a general
and powerful one [12]. Segmentation of an input image is
obtained by estimating some spatially varying quantity from
noisy measurement. This can be obtained by maximum a pos-
teriori probability (MAP) estimate of the underlying quantity
formulated in Bayesian framework [11]. The important part
of GMRF model is the proper fixing of the parameters. In the
literature two approaches namely, Markov chain Monte Carlo
(MCMC) and expectation–maximization (EM) algorithms are
used for this purpose [12]. However for its easy simulation
and low complexity, EM algorithm is popularly used for many
machine vision applications.

A different unsupervised change detection technique pro-
posed by Bruzzone and Prieto [13] demonstrated the effective-
ness of the GMRF model in change detection. In this technique
the spatio-contextual information of pixels is modeled with a
GMRF and the iterated conditional mode (ICM) algorithm is
used as the MAP estimator. The GMRF model parameters
are recursively estimated by the EM algorithm. ICM uses a
deterministic strategy to find the local minimum. It starts with
an initial estimate and for each pixel, the cluster centre that
results in decrease in energy is chosen for the next iteration.
Hence the results provided by ICM are extremely sensitive to
the initial estimate, and it may stuck in local minima.

In [14], Ghosh et al. have proposed an object background
separation scheme using GMRF model as the a priori image
model and used Hopfield type network [15] for MAP esti-
mation. This work shows that Hopfield type neural network
(HTNN) can be used for performing a fast and approximate
optimization like deterministic ICM algorithm [15]. The opti-
mization function can be mapped to correspond to the energy
function of an HTNN. When the network converges to a
stable state, its energy value corresponds to a minimum of the
optimization function. It is also observed that the stochastic
nature of the network helps to avoid getting trapped in a local
minimum and improves the quality of solution, thus producing
better solutions than the ICM algorithm [12].

Recently, an unsupervised change detection technique is
proposed by Bazi et al. [16] using level set scheme. Here the
change detection problem is considered as a binary seg-
mentation of the difference image into the changed and the
unchanged classes by defining a proper energy functional.
This energy function is minimized by level set. Use of kernel
based methodologies for unsupervised change detection are
quite popular these days. A non-linear kernel based classifier
is proposed by Camps-Valls et al. [17] for detecting changes
from multitemporal remote sensing images. The integration
of contextual information and multi-sensor images with dif-
ferent levels of nonlinear sophistication gives better accuracy

in change detection. However, this approach is affected by
the curse-of-dimensionality problem and hence requires large
computation. A spatio-contextual change detection scheme
is also reported in [6], where HTNN is used to detect the
changed region corresponding to multitemporal remote sensing
images. It is found that HTNN updates the output status of the
neurons until a minimum of the energy function is reached.
However, in [6] the correlation between the pixels of the
difference image are expressed in a deterministic way. To the
best of the authors’ knowledge, use of both these approaches
(i.e., EM algorithm with GMRF modeling and HTNN) was
not addressed in remote sensing change detection literature.

In this article, we present a technique that exploits the EM
algorithm with GMRF modeling and HTNN for MAP esti-
mation to detect the changes in multitemporal, multi spectral
remote sensing images. The proposed unsupervised change
detection scheme uses the GMRF model as the a priori
difference image model. The problem of change detection
is considered as a two class pixel labeling problem and is
formulated as a MAP estimation problem. Since the MAP
estimate of the GMRF modeled difference image is compu-
tationally expensive, a modified version of HTNN is used to
solve it. Here we have considered each pixel of the difference
image as a neuron connected to its neighbors. Since the change
detection problem is considered as a MAP estimation problem
of the GMRF modeled difference image with an HTNN, an
equivalence between the expression of MAP of GMRF model
and the energy function of an HTNN is established. Then an
iterative updating rule is provided so that convergence of the
network is guaranteed. We used an EM algorithm to estimate
the parameters of GMRF and the network is initialized by
using an automatic threshold selection scheme based on Liu’s
[18] histogram thresholding algorithm. To show the effective-
ness of the proposed technique, results are compared with
those provided by manual trial and error thresholding (MTET),
change detection scheme based on the GMRF model and the
ICM algorithm [13], change detection scheme based on HTNN
[6], and change detection scheme using the GMRF model and
graph-cut algorithm [19]. It is found that the proposed scheme
gives more reliable change detection results than the other
techniques.

The organization of this paper is as follows. Section II
presents an overview of the proposed technique. Section III
provides a brief description of the GMRF modeling and
GMRF-MAP framework. Section IV provides a description of
the developed HTNN and MAP estimation process. The data
sets used in our experiments and the corresponding change
detection results are analyzed in Section V. Finally, Section VI
draws the conclusions of this work.

II. PROPOSED TECHNIQUE FOR CHANGE DETECTION

A block diagram of the proposed technique is given in
Fig. 1. The first part of the block diagram represents f1
and f2 to be two co-registered and radiometrically corrected
γ-spectral band images of size M × N , acquired over the
same geographical area at two times T1 and T2. In the first
step of processing the CVA scheme [7] is used to gener-
ate the difference image according to the magnitude of the
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Fig. 1. Block diagram of the proposed change detection technique.

spectral change vectors. By classifying this difference image
into changed and unchanged classes it is possible to obtain
the change detection map of the considered area. To classify
the difference image into two classes, we propose the use
of GMRF based probabilistic modeling and HTNN as MAP
estimator. The use of the GMRF probabilistic model gives an
advantage of approximating the spatial regularities of pixels
(see the “GMRF modeling MAP (θ )” block in Fig. 1). Here
the MAP estimation of the GMRF modeled difference image
is obtained by a modified HTNN. Since the estimation of
GMRF model parameters using EM algorithm is well studied
in the literature [12], [13], we have used such an algorithm
to iteratively estimate these parameters (see the “parameter
estimation by EM algorithm” block in Fig. 1). The Hopfield
network [15] is initialized by thresholding the input image
based on Liu’s [18] threshold selection algorithm. The MAP
estimated image is a map of two classes i.e., changed and
unchanged.

III. DIFFERENCE IMAGE MODELING AND

MAP ESTIMATION

Let y be the difference image associated with the magnitude
of spectral change vectors obtained by the CVA technique [7].
We assume here that the observed difference image y is a
spatial entity of size S = M × N . Each pixel in y is assumed
as a site s denoted by ys , s ∈ S, where S represents the
complete image. Let Y represent a random field and y be a
realization of it. Let X be a random variable taking value “+1”
or “−1”. A realization of X = x is a partitioning of the image
into two region types i.e., changed (+1) and unchanged (−1).
Each region type can occur in more than one physical location
in the image.

Here we used a second order GMRF modeling in the spatial
dimension. It is known [12] that if X is a GMRF, then it
satisfies the Markovianity property in the spatial dimension

P(Xs = xs | Xq = xq,∀q ∈ S, s �= q)

= P(Xs = xs | Xq = xq , q ∈ ηs);
where ηs denotes the neighborhood of s. In the spatial domain,
X represents the GMRF model of x . According to Hammers-
ley Clifford theorem [12] the prior probability at a particular
temperature T can be expressed as Gibbs distribution with

P(X = x) = 1
z e

−Ū(x)
T . Here z represents the partition function

expressed as z = ∑
x e

−Ū (x)
T , and Ū(x) is the energy function

(a function of clique potentials Vc(x)). For clique c coming

from the set of cliques C , the expression for Vc(x) can be
given as

Ū(x) =
∑

c∈C

Vc(x). (1)

The change detection problem is considered to be a process
of determining the realization x that has given rise to the
actual noisy difference image y. The realization x can not
be obtained deterministically from y. Hence, x̂ should be
estimated from y. One way to estimate x̂ is based on the
statistical MAP criterion. The objective in this case is to have
an estimation rule which yields x̂ that maximizes the following
posterior probability distribution

x̂ = arg max
x

Pθ (Y = y|X = x)P(X = x)

P(Y = y)
, (2)

where θ is the parameter vector associated with x . Here y
is known and the marginal probability P(Y = y) is constant
and can be discarded. As X is supposed to be a GMRF, its
probability of realization is expressed as

P(X = x) = 1

z
e−Ū (x) = 1

z
e[−∑

c∈C Vc(x)]. (3)

In (3), Vc(x) is the clique potential function and is a function
of the MRF model bonding parameter β and can be expressed
as Vc(x) = β Ī (s, q). Choice of parameter β controls the
smoothness of segmentation. A larger value of β imposes a
larger penalty for inhomogeneity. As the value of β increases,
the degree of smoothness imposed on the segmentation also
increases. Ī (s, q) is a function defined over the neighbors of
each site s as

Ī (s, q) =
{−1 if xs �= xq and q ∈ ηs

+1 if xs = xq and q ∈ ηs .

The likelihood function Pθ (Y = y|X = x) models the
conditional dependence and is considered to be Gaussian
distributed N(μl , σ

2
l ). Each class (l) can be represented by its

mean vector μl and variance σ 2
l . Thus, the likelihood function

can be expressed as

N(μl , σ
2
l ) = 1

√
(2π)σ 2

l

e
− 1

2σ2
l

‖y−μl‖2

. (4)

It may be noted that pixel gray value at each site is assumed
to be independent. This yields the following simplified form
of the likelihood function

Pθ (Y = y|X = x) =
∏

s∈S

Pθ (Ys = ys |Xs = l)

=
∏

s∈S

1
√

(2π)σ 2
l

e
− 1

2σ2
l

‖ys−μl‖2

. (5)

In (5), variance σ 2
l ∈ {σ 2

c , σ 2
u } represents the variance corre-

sponding to the changed and the unchanged classes. Similarly,
μl ∈ {μc, μu} represents the mean corresponding to the
changed and the unchanged classes. Considering the prior
probability of GMRF and the likelihood function as in (5),
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Fig. 2. Hopfield’s neural network with three neurons.

we can deduce from (2)

x̂ = arg max
x

∑

s∈S

{

A −
[

‖ys − μl‖2

2σ 2
l

]}

−
[
∑

c∈C

Vc(x)

]

, (6)

where A = −∑
s∈S

S
2 log(2πσ 2

l ) is a constant and x̂ is the
MAP estimate. Calculation of Y |X, and X |Y depends on θ .
Maximization of (6) requires 2bS possible image configura-
tions to be searched, where b represents the number of bits
required to represent the segmented image. As we are per-
forming a binary segmentation (either changed or unchanged
class) each pixel can be represented as “+1” or “−1”, hence
b = 1. We used an HTNN to obtain the final MAP estimate.
In the considered GMRF framework θ corresponds to five
parameters i.e., θ = {β,μc, μu, σ 2

c , σ 2
u }. We have estimated

these parameters by the EM algorithm [12].

IV. HOPFIELD TYPE NEURAL NETWORK FOR

MAP ESTIMATION

Hopfield’s neural network is a physical system in the state
space having a number of locally stable states. It can be
regarded as an associative memory or content addressable
memory [15]. Hopfield’s network consists of a set of neurons
or nodes. The output of each neuron (or node) is given as
input to other neurons to which it is connected as shown in
Fig. 2. In Hopfield’s network, at any iteration of processing
(time t) the input Ut

s to the generic sth neuron is the sum of
two quantities: the external input bias Is (a fixed bias applied
externally to the unit s) and the output of other neuron v t−1

q
multiplied with weight W t−1

sq . This can be described as

Ut
s =

r∑

q=1,q �=s

W t−1
sq v t−1

q + Is . (7)

The synaptic weights connecting two neurons are symmetric
in nature, i.e., W t−1

sq = W t−1
qs .

In this model the activation function is assumed to be
continuous and monotonically non-decreasing in nature. The
output v t

s of any neuron (which in turn determines the new
state of the network) s is defined as

v t
s = g(Ut

s ), (8)

Fig. 3. Second-order topology of a network. Each neuron in the network
is connected to its eight neighbors. Neurons: circles and lines: connections
between neurons.

where g(.) is an activation function. A typical choice of g can
be given as

g(Ut
s ) = 2

1 + e−(U t
s −λ)/λ0

− 1. (9)

Here the parameter λ controls the shifting of the function g
along x axis and λ0 determines the steepness of the curve.
The energy function of this architecture is given by

E(v t ) = −
r∑

s=1

r∑

q=1,q �=s

W t
sqv t

sv
t
q −

r∑

s=1

Isv
t
s

+
r∑

s=1

1

Rs

∫ v t
s

0
g−1(u)du. (10)

Here E(v t ) is a Lyapunov function, Rs is the input impedance
of the amplifier realizing the neuron and v t = {v t

1, v
t
2, . . . , v

t
r }.

r represents the total number of neurons.
In this article we used a modified version of Hopfield’s

original network [15]. Here each neuron is assumed to be
connected to its neighbors only. Hence the connection strength
outside the neighborhood is assumed to be zero. Since in
the present work a modified version of the Hopfield neural
network is considered, it is termed as HTNN.

To detect changed and unchanged pixels from the differ-
ence image, we initially modeled the difference image with
a GMRF. The spatio-contextual modeling of the difference
image is obtained by formulating Gibbs distribution over each
site s of the difference image. Then for MAP estimation of the
GMRF modeled difference image we used an HTNN. For the
considered network, each site s of the difference image is
assumed to have a neuron. Each neuron is assumed to be
connected with its neighbors in the spatial dimension with
a connection strength of W t

sq . The neuron at any position is
connected to its dth order neighbors included in Nd . Here,
a second order neighborhood system has been considered,
i.e., N2 = (±1, 0), (0,±1), (1,±1), (−1,±1). Fig. 3 depicts
a second order (N2) topological network.

It is found from (8) and (9) that for any point s

v t
s = lim

U t
s →∞

g(Ut
s ) = +1, and

v t
s = lim

U t
s →−∞

g(Ut
s ) = −1.



GHOSH et al.: INTEGRATION OF GMRF AND HTNNs 3091

In this work, we used a generalized fuzzy S-function [20] as
activation function and is defined as follows [6]

v t
s = g(Ut

s ) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

−1, if Ut
s ≤ a

2n
(

U t
s −a

c−a

)n − 1, if a ≤ Ut
s ≤ b

1 − 2n
(

U t
s −a

c−a

)n
, if a ≤ Ut

s ≤ b

1, if Ut
s ≥ c,

(11)

for n (an integer) ≥ 2 and b = (a +c)/2. Here a, b, c are real
numbers and a < b < c. g(Ut

s ) lies in the range [−1,+1]
with g(Ut

s ) = 0.0 at Ut
s = b. n can be varied to control

the steepness of the curve. In the present case, as we used 8
neighbors of a site, the input will lie in the range [−8,+8].
However, for quick convergence we have used the domain of
Ut

s as [−1,+1] and used the activation function as

v t
s = g(Ut

s ) =

⎧
⎪⎪⎨

⎪⎪⎩

−1, if Ut
s ≤ −1(

Ut
s + 1

)n − 1, if −1 ≤ Ut
s ≤ 0

1 − (
1 − Ut

s

)n
, if 0 ≤ Ut

s ≤ 1
1, if Ut

s ≥ 1.

(12)

A. Solving the MAP Estimation Problem With Hopfield Type
Neural Network

HTNN is a robust and fast optimization technique. Unlike
the ICM algorithm which can be seen as a local search
algorithm, the stochastic nature of the HTNN helps to avoid
getting trapped to a local optimum. Thus it may improve
the quality of solution (and therefore of the change detection
map) with respect to the ICM algorithm. In HTNN, a proper
initialization is necessary to start the iterative process. In
GMRF-MAP estimation the algorithm starts with an initial
estimate and then converges to a minimum of the cost function.

As stated previously, in the proposed scheme the MAP
estimation problem is considered as a two class pixel labeling
problem. The labels obtained for the pixels of the differ-
ence image framework generate regions corresponding to the
changed and unchanged classes. Hence we have assumed the
final labels as +1 and −1. For the sake of simplicity, in this
work we will confine ourselves to cliques with two pixels
only [12].

As the change detection problem is viewed as a MAP
estimation problem of the GMRF modeled difference image
with HTNN, it suffices to establish an equivalence between
(6) and the energy of an HTNN, and to provide an updating
rule so that convergence is guaranteed. The clique potential
function V t

c (x) in (6) is defined as

V t
c (x) = −W t

sqv t
sv

t
q , (13)

where v t
s and v t

q represent the output of the sth and qth

neurons, respectively and W t
sq is the connection weight

between them. Value of connection strengths are computed as

W t
sq = β Ī t (s, q), (14)

where β is a parameter associated with the clique potential
function and is a GMRF model parameter. Ī t (s, q) is a
function defined over the neighbors of each site as

Ī t (s, q) =
{−1 if xt

s �= xt
q and q ∈ ηs

+1 if xt
s = xt

q and q ∈ ηs .

Substituting (14) in (13) we get

V t
c (x) = −β Ī t (s, q)v t

sv
t
q .

To some extent, this potential function resembles the Potts
model i.e., a generalization of Ising model [12]. Hence (3)
can be re-written as

P(X = x) = 1

z
e

[
−∑

c∈C −β Ī t (s,q)v t
sv

t
q

]

. (15)

For implementing the GMRF model with Hopfield’s net-
work we may interpret y as the initialization of the network
(each site/pixel is considered as a neuron). Similarly μl can
be interpreted as the present state of the network. Thus we
may rewrite (6) as

x̂ = arg max
x

⎧
⎨

⎩
A −

∑
s(Is − v t

s)
2

2σ 2 +
∑

(s,q),s �=q

W t
sqv t

sv
t
q

⎫
⎬

⎭
.

Maximization of above expression is equivalent to
minimization of

∧
x = arg min

x

{[
1

2σ 2

∑

s

(v t
s)

2

]

−
[

1

σ 2

∑

s

Isv
t
s

]

−
⎡

⎣
∑

(s,q),s�=q

Wt
sqv

t
sv

t
q

⎤

⎦

⎫
⎬

⎭
. (16)

Now the problem is reduced to the minimization of (16). We
can establish an equivalence between (16) and the energy
function in (10) and provide an updating rule so that con-
vergence is guaranteed. Comparing (10) and (16), one can
see that the standard Hopfield’s network cannot be used for
minimization of (16) due to the presence of the extra term

1
2σ 2

∑
s(v

t
s)

2. In order to realize (16) with a network we used
an HTNN as used in [14] whose energy function can be
described as

E(v t ) = −
r∑

s=1

r∑

q=1,q �=s

W t
sqv t

sv
t
q −

r∑

s=1

Isv
t
q

+ 1

2R

r∑

s=1

(v t
s)

2 +
r∑

s=1

1

Rs

∫ v t
s

0
g−1(u)du, (17)

and
d E(v t )

dt
= −

∑

s

{
k(g−1)′

}(dv t
s

dt

)2

, (18)

where, k is a positive constant. It can be easily shown [14]
that for any monotonic increasing function g, the expression
d E
dt ≤ 0, and d E

dt = 0 ⇒ dv t
s

dt = 0. Hence, searching
in the gradient direction will reach the minimum of E .
The last term in (17) is the energy loss term. In the high
gain limit the last term can be excluded and thus (17) can be
written as

E(v t ) =
r∑

s=1

⎡

⎣−
r∑

q=1,q �=s

W t
sqv t

sv
t
q − Isv

t
s + 1

2R
(v t

s)
2

⎤

⎦. (19)

By proper adjustment of coefficients, (16) can be made equiv-
alent to minimize E(v t ).
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Here we have considered θ = {β,μc, μu, σ 2
c , σ 2

u } as the
parameter vector associated with the probability density func-
tion (pdf) of the incomplete data y. The parameter vector θ is
estimated recursively in the EM framework [12].

It may be noted that in [6] a deterministic way of specifying
the correlation of pixels of the difference image was used. The
synaptic weights corresponding to two neurons of the neural
network were considered as W t

sq = W t
qs = 1. On the contrary,

in the proposed scheme we have modeled the difference image
with GMRF and thus a modified form of connection weight
is considered. In addition, in the proposed work we used
the expression in (16), through the equivalence of the energy
expression of the HTNN in (19), for estimating the MAP of the
GMRF modeled difference image (as expressed in (6)). Con-
trarily, in [6] the energy function corresponding to Hopfield’s
network as specified in (10) was used for change detection in
multitemporal images. Hence, the proposed scheme uses an
HTNN in a different and new way for change detection of
remote sensing images.

B. Network Initialization

In literature, initialization of each neuron of the HTNN
is carried out by considering a linear transfer function [14]
(see the thin line in Fig. 4)

Is = ys

(L/2)
− 1,

where ys represents the input pixel value, L the maximum
pixel value of the image and Ii the input bias to the i th

neuron. This function is symmetric about the point L/2 (called
initialization threshold). The pixels having value below L/2
are transformed to a negative quantity in the range [−1, 0) and
the pixels having value above L/2 are transformed to a positive
quantity in [0,+1]. Such kind of transfer function was con-
sidered by authors in [14], where the grey values of the image
pixels were expected to cover the entire range (0, L). In our
work, we used noise corrupted remotely sensed images whose
grey values do not cover the entire dynamic range. Hence the
use of such a transfer function for initialization may not give
satisfactory results. Again consideration of L/2 as the initial-
ization threshold has no resemblance with the optimal thresh-
old value. Hence, we used an automatic threshold selection
scheme capable of giving satisfactory results in this context.

Fig. 4 represents two curves, one is a linear function as used
in [14] and the other is a piece-wise linear function. In the
present work we used the piece-wise linear transfer function.
This curve passes through the x-axis at a value T h defined as

Is =

⎧
⎪⎨

⎪⎩

ys

T h
− 1, if −1 ≤

( ys

T h
− 1

)
≤ +1

+ 1, if
( ys

T h
− 1

)
≥ 1.

(20)

To have an estimate of T h, we have used Liu’s thresholding
scheme [18].

V. RESULTS AND ANALYSIS

In order to establish the effectiveness of the proposed
technique, we have tested it on three data sets related to
Mexico, Sardinia island (Italy) and Peloponnesian Peninsula

Fig. 4. Initial bias to Hopfield type neural network.

(Greece). In order to validate the proposed technique, we have
compared its results with those obtained by: (i) the MTET,
(ii) a change detection scheme based on GMRF model and
ICM algorithm [13], (iii) the HTNN presented in [6], and
(iv) the change detection scheme based on GMRF model
and graph-cut algorithm [19]. All the results reported in the
proposed article, are based on the absolute pixel counts. For
remote sensing change detection, measures like missed alarms,
false alarms and overall error as performance evaluation cri-
teria are largely reported in the literature. Hence to establish
the effectiveness of the proposed scheme, we also used those
performance criteria for evaluation.

The Manual trial and error technique (MTET) is one of
the simplest ways to perform the change detection task.
MTET produces a minimum error change detection map by
manually finding decision threshold on the difference image
under the assumption that pixels are independent in the spatial
domain. The minimum error decision threshold is obtained in a
supervised way by computing the change detection error (with
the help of a ground-truth map) for all values of the decision
threshold [21].

We analyzed the overall change detection error, missed and
false alarms. The missed alarms and the false alarms are
obtained by pixel by pixel comparison of the obtained change
detection map with the available reference change detection
map. Missed alarms are obtained by computing the number of
pixels that actually belong to changed regions and are found
to belong to unchanged regions. The false alarms are obtained
by computing the number of pixels that actually belong to the
unchanged regions and are found to belong to the changed
regions.

1) Mexico Data Set: The first data set used in our exper-
iments is made up of two multispectral images acquired by
the Landsat Thematic Mapper (TM) sensor of the Landsat-7
satellite in an area of Mexico in April 2000 and May 2002.
From the entire available Landsat scene, a section of 512 × 512
pixels has been selected as test site. Fig. 5(a) and (b) show
channel 4 of the 2000 and 2002 images, respectively. Between
the two aforementioned acquisition dates, fire destroyed a large
portion of the vegetation in the considered region.

To make a quantitative evaluation of the effectiveness of
the proposed approach, a reference map was manually defined
[see Fig. 5(d)] according to a detailed visual analysis of both
the available multitemporal images and the difference image
[see Fig. 5(c)] [6]. Details of the preprocessing done on the
image can be found in [6].
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(a) (b)

(c) (d)

Fig. 5. Mexico data set: band 4 of the Landsat TM image acquired in
(a) April 2000, (b) May 2002, (c) corresponding difference image generated
by the CVA technique, and (d) reference map of the changed area.

(a) (b)

(c) (d) (e)

Fig. 6. Mexico data set: change detection maps provided by (a) MTET,
(b) GMRF model and ICM algorithm, (c) Context sensitive Hopfield type
network, (d) GMRF model and graph-cut algorithm, and (e) Proposed tech-
nique.

The threshold value obtained for the difference image
obtained by CVA technique was 39 using Liu’s thresholding
scheme [18]. Putting this threshold value in (20), an initial
bias is obtained. The parameters of the GMRF model were
initially set to some random values. The MAP estimation of
the difference image was obtained by an HTNN with initial
bias determined by the above threshold. The EM algorithm
was used to estimate the GMRF model parameters. The change
detection map obtained by the proposed technique for Mexico
data set is displayed in Fig. 6(e). This map corresponds to an
overall change detection error of 2380 pixels with 388 missed
alarms and 1992 false alarms.

The change detection results obtained by the proposed
approach are compared with those yielded by other reference
techniques. The change detection map obtained by MTET
scheme is displayed in Fig. 6(a). As expected, the proposed
technique is more accurate than the MTET, thanks to the
use of the contextual information. The change detection map
obtained by GMRF model and ICM algorithm is shown in
Fig. 6(b). Similarly, the change detection map obtained by
HTNN model is provided in Fig. 6(c) (with initialization
threshold T h = 31). The change detection maps obtained
by the GMRF model and graph-cut algorithm is shown in
Fig. 6(d). It provided a smooth change detection map. Table I

TABLE I

OVERALL ERROR, MISSED ALARMS, AND FALSE ALARMS RESULTING

FROM DIFFERENT TECHNIQUES FOR MEXICO DATA SET

Technique Missed Alarms False Alarms Overall Error
MTET (Th=39) 2404 2187 4591

EM+GMRF+ICM 946 2257 3203

HTNN (Th=31) 660 2157 2817

GMRF+Graph-cut 636 2643 3279

Proposed (Th=37) 388 1992 2380
Proposed (Avg β) 588 1850 2438

(a) (b)

(c) (d)

Fig. 7. Sardinia Island (Italy) data set: band 4 of the Landsat TM image
acquired in (a) September 1995, (b) July 1996. (c) Difference image generated
by the CVA technique using bands 1, 2, 4, and 5, and (d) reference map of
the changed area.

shows a comparison of errors provided by different techniques.
The analysis in Table I confirms that the proposed technique
provided the lowest change detection error on this data set.
Please note that we need initial threshold values for MTET,
HTNN and the proposed scheme. However, the GMRF+ICM
and GMRF+graph-cut approaches use initial mean values
corresponding to different clusters (randomly).

2) Sardinia Island Data Set: The second data set used
in our experiments is made up of two multispectral images
acquired by the Landsat TM sensor of the Landsat-5 satellite
in September 1995 and July 1996. The test site is a section
(412 × 300 pixels) of a scene including Lake Mulargia on
the Island of Sardinia (Italy). Between the two aforemen-
tioned acquisition dates, the water level in the lake increased
(see the lower central part of the image). Fig. 7(a) and (b) show
channel 4 of the 1995 and 1996 images, respectively. As done
for the Mexico data set, also in this case, a reference map
was manually defined [see Fig. 7(d)] according to a detailed
visual analysis of both the available multitemporal images
and the difference image [see Fig. 7(c)] [22]. Details on the
preprocessing of the image can be found in [6]. We applied
the CVA technique to spectral bands 1, 2, 4, and 5 of the two
multispectral images, as preliminary experiments showed that
the above channels contain useful information on the changes
in the water level [6].

As for the Mexico data set, we also determined the threshold
value of the difference image for initialization of the HTNN.
The threshold value obtained by Liu’s method is 85. The
change detection map obtained by the proposed technique is
shown in Fig. 8(e). It is associated with a change detection
error of 1496 pixels with 845 missed alarms and 651 false
alarms.
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(a) (b)

(c) (d) (e)

Fig. 8. Sardinia Island (Italy) data set: change detection map provided
by (a) MTET, (b) GMRF model and ICM algorithm, (c) Context sensitive
Hopfield type network, (d) GMRF model and graph-cut algorithm, and
(e) Proposed technique.

TABLE II

OVERALL ERROR, MISSED ALARMS, AND FALSE ALARMS RESULTING

FROM DIFFERENT TECHNIQUES FOR SARDINIA ISLAND DATA SET

Technique Missed Alarms False Alarms Overall Error
MTET (Th=95) 1015 875 1890

EM+GMRF+ICM 592 1108 1700

HTNN (Th=87) 1193 606 1799

GMRF+Graph-cut 1093 477 1570

Proposed (Th=86) 845 651 1496
Proposed (Avg β) 814 688 1502

We also compared the change detected output of Sardinia
Island data with other three reference methods. The change
detection map obtained by the MTET and GMRF model with
ICM algorithm are shown in Fig. 8(a) and (b). It is observed
that both the techniques have produced a large number of
false alarms. Similarly, the change detection map obtained
by the context sensitive HTNN scheme (with initialization
threshold T h = 90) and GMRF model with graph-cut scheme
are shown in Fig. 8(c) and (d), which are found to be providing
smooth change detection maps. A comparison of change
detection errors produced by all these techniques are provided
in Table II. It is observed from these results that the proposed
technique provided the minimum overall error.

3) Peloponnesian Peninsula Data Set: The third data set
used in the experiments was acquired by the multispectral
Wide Field Sensor (WiFS) mounted on board the IRS-P3
satellite. The area considered is a section (492 × 492 pixels)
of a scene acquired in the southern part of the Pelopon-
nesian Peninsula, Greece, in April 1998 and September 1998.
Fig. 9(a) and (b) show channel 2 [i.e., near-infrared spectral
(NIR) channel] of images of April and September, respectively.
A Wildfire destroyed a significant portion of the vegetation in
the aforesaid area between the two dates. As for the previous
two data sets, in this case also a reference map was manually
defined (see Fig. 9(d)) to assess change detection errors. This
reference map contains 5197 changed and 236 867 unchanged
pixels. For preprocessing on this data set we refer the reader
to [22].

In this case, the difference image is generated by using only
NIR band images, as NIR band is very effective to locate the
burned area.

(a) (b)

(c) (d)

Fig. 9. Peloponnesian Peninsula (Greece) data set: NIR band of the IRS-P3
WiFS image acquired in (a) April 1998, (b) September 1998. (c) Correspond-
ing difference image generated by CVA technique using the NIR band; and
(d) Reference map of the changed area.

(a) (b)

(d) (d) (e)

Fig. 10. Peloponnesian Peninsula (Greece) data: change detection map
provided by (a) MTET, (b) GMRF model and ICM algorithm, (c) Context
sensitive Hopfield type network, (d) GMRF model and graph-cut algorithm,
and (e) Proposed technique.

TABLE III

OVERALL ERROR, MISSED ALARMS, AND FALSE ALARMS

RESULTING FROM DIFFERENT TECHNIQUES FOR

PELOPONNESIAN PENINSULA (GREECE) DATA SET

Technique Missed Alarms False Alarms Overall Error

MTET (Th=64) 2424 1129 3553

EM+GMRF+ ICM 1837 1072 2909

HTNN (Th=57) 1888 920 2808

GMRF+Graph-cut 1983 840 2823

Proposed (Th=55) 1725 1027 2752

Proposed (Avg β) 1910 831 2741

The threshold value obtained for the difference image of
this data set using Liu’s algorithm is 55. Using 55 as the
initialization threshold for the HTNN, the MAP estimate of
the GMRF modeled difference image is obtained. The change
detection map provided by the proposed technique is shown
in Fig. 10(d). This results in an overall error of 2752 pixels,
with 1725 missed alarms and 1027 false alarms.

Also in this case we compared the change detection maps
obtained by the proposed technique with the maps obtained by
reference techniques. The change detection maps obtained by
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MTET, GMRF model with ICM algorithm, HTNN scheme
and GMRF model with graph-cut scheme are shown in
Fig. 10(a)–(d). Table III gives a comparison of all results
produced by different techniques on this data set. Also in
this case the proposed technique resulted in the minimum
overall error, even its performance is similar to that of the
other two context sensitive techniques. In the considered work
we found that the actual estimation of GMRF model bonding
parameter (β) is a critical issue. Different values of β converge
to different solutions (i.e., different change detection maps).

A. Discussion

MTET, the GMRF model and ICM based Experiments
carried out on the considered multitemporal remote sensing
data sets pointed out that the proposed technique produces
better results than the other reference techniques. This mainly
depends on the stochastic nature of the HTNN that helps
to avoid getting trapped to local optima and improves the
quality of solution with respect to the ICM algorithm. The
change detection maps obtained by the presented technique
are smoother than those generated by MTET, MRF-ICM,
and HTNN schemes. Sometimes it happens that a small
unchanged region surrounded by a large changed region is
incorrectly identified as changed region (and vice versa).
However, it does not erode small scale changes completely. A
manual fixing of the GMRF model bonding parameter (β) can
control this.

The results reported in the previous sections were obtained
by the optimal (!) value of β according to preliminary
experiments. Although β can be defined taking into account
the densed inference of the contextual information in the
change detection map, in real scenarios its choice can be
critical. To better access the effects of β on the change
detection results, we experimented with five different random
initialization values of β in the range [0, 3]. Then we computed
the average errors for three different images. It is found that
the average overall change detection error is very close to
the best change detection results as depicted in Tables I, II,
III, respectively. From the above analysis we experienced that
choice of parameter β is critical for change detection. Smaller
regions with detailed boundary can be obtained by proper
fixing of parameter β with affordable false alarms. Hence,
fixing of parameter β is a critical issue. In this regards we
suggest that some adaptive model-based approaches which
follow local pdf of the difference image may be considered
for automatic estimation of parameter β.

It may be noted that for any noisy or less illuminated scene
it is observed that MTET scheme always provides biased
results. However this is improved in case of MRF based
and HTNN based schemes. GMRF and ICM scheme can
discriminate the noise by proper fixing of the beta parameter;
but will provide smoother border with missing details. For the
considered datasets we found that the results obtained by the
GMRF+ ICM are not better than the proposed scheme. We
also tested the GMRF+ ICM with other parameter values and
the results are found to be worse than those reported in [6],
[13] and [22]. GMRF model with graph cut is able to cope

with this. However, it is not able to detect small regions and
irregular boundary details of a scenes. Hence, it provides more
missed alarms. The results obtained by HTNN scheme is able
to provide better results from the noisy scene by removing
irrelevant details and is found to provide smooth results. This
was performed by fixing the weights of the HTNN, where
weights are considered to be unit. In the proposed scheme
the variation of the beta value controls this and for irregular
boundaries it needs a small beta value, whereas for smoother
boundary, beta value is required to be high with affordable
amount of loss.

VI. CONCLUSION AND FUTURE WORKS

In this paper an unsupervised spatio-contextual change
detection technique for multitemporal, multi spectral remote
sensing images has been proposed. Initially, a difference
image is generated by comparing the images acquired over
the same geographical area at different times by CVA. The
difference image is modeled with the well known GMRF
model and the corresponding labels are estimated using the
MAP estimation criterion. As the computation of MAP is
exponential in nature, we have used a modified version of
Hopfield’s neural network to estimate the MAP of the GMRF
model. EM algorithm is used to estimate the GMRF model
parameters.

We have carried out experiments on three multispectral
and multitemporal remote sensing images and the results
are found to be good. To show the effectiveness of the
proposed technique, results are compared with those of
MTET, change detection scheme based on the GMRF model
and the ICM algorithm, change detection scheme based
on HTNN, and change detection scheme using the GMRF
model and graph-cut algorithm. It is found that the proposed
scheme gives more reliable change detection results than other
techniques.

In this paper we have formulated the MAP estimation under
the assumption that the prior probability follows Gibbs distri-
bution (multilevel logistic model). As the change detection
map usually has spatial regularity or region continuity, it
is expected that the use of a Gauss MRF model may also
provide better change detection output. In this article we
have presented all the results considering it as a two class
segmentation task. However it can be extended for multi-class
segmentation problem by considering the multiple stability
analysis of the HTNN network. The use of CVA for difference
image generation is very popular in remote sensing literature.
However, difference image with spectral features is expected
to produce good results. In our future work we would like to
focus on this issue.
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