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ABSTRACT

The recent technological developments in remote-sensing
sensors and satellites (e.g., the increased spatial and
spectral resolutions of sensors, the increased rivisitation time
of saellites) offer the possbility of addressng new
applications related to environmental monitoring and natural-
resource management. In particular, applications connected
with the andlyds of multitempora remote-sensing images
are becoming more and more important, aso in relation to
the increased awareness of politicians of the necessity for a
regular and efficient control of the environment. This
chapter deals with a key issue in multitempord data
andysis, namely, the automatic detection of changesin pairs
of images acquired in the same geographical area a
different times. In particular, unsupervised change-detection
methods (i.e., methods that do not require any ground-truth
information for detecting land-cover changes) are
considered. Attention is focused on one of the crucia
problems that should be solved to develop fully automatic
and unsupervised change-detection approaches, i.e., the
selection of the decision threshold to be used to distinguish
between changed and unchanged areas. Severa methods
proposed in the literature are described and compared with
approaches recently developed by the authors. In addition,
some theoreticaly wael-founded thresholding srategies,
generally not used for remote-sensing problems, are
considered and evduated dso in relation to applications.
Examples of results obtained by applying the presented
techniques to real multitemporal remote-sensing data sets
are reported and discussed.

1. INTRODUCTION

The development of effective methodologies and efficient
tools for the andysis of multitemporal remote-sensing

images represents one of the most important challenges that
the remote-sensang community should face in the next
years. The availability of an ever increasng number of
remote-sensing satellites characterized by a short rivisitation
time makes it possble to consider new advanced
gpplications of remote sensing, ranging from environmental
control to monitoring of urban areas. The improvements in
the features of remote-sensing sensors, namey, the
increased spatial and spectral resolutions, in relation to the
tempora dimension, offer the possibility of addressing issues
that have not been considered until now with satellite data.
However, all scientists and end-users familiar with remote
sendng can eadly redize the complexity involved in the
analysis of hyperspectral series of remote-sensing data or in
the processing of multitemporal images characterized by
high spatia resolution. From this perspective, the methods
currently available for the analysis of multitemporal remote-
sensing images do not seem effective enough to support and
exploit the technologica improvements in sadlite and
sensor characteristics.

From a generd point of view, the terms “analysis of
multitemporal remote-sensing images’ concern severa
different gpplications, which in turn involve using different
sensors and  methodologies.  Applications range from
monitoring and management of natural resources (e.g.,
forests, sea, etc.) to monitoring of land-cover dynamics
(e.g., monitoring of ecosystems, monitoring of agricultura
areas, etc.), from risk assessment (e.g., forest fires,
landdlides, floods, etc.) to damage mapping (e.g., burned
areas, flooded areas, etc.), from assessment of urban



expansion to updating of road maps on GIS systems. Many
of these applications are related to important political issues
(e.g., the Kyoto protocol [1]) and play a strategic role for
decision makers and politicians.

The large number of possible applications result in different
methodological issues in data andysis and processing.
Methodologies suited to addressing a problem are often
completely different from others adequate to solving another
problem. For example, techniques used for the anaysis of
series of low spatia resolution images acquired in a given
forest area are entirely different from approaches to
detecting land-cover changes in a pair of high spatia
resolution images acquired in a urban area.

In the near future, the pattern recognition and image/signa
processng community working on remote-sensing data
should devote considerable effort to developing automatic
information-extraction methods for trandating technologica
improvements in satellite and sensor characteristics into
practical additional services for end-users. This is a
mandatory task for proving that remote sensing is an
effective technology for resolving problems related to the
anaysis of multitemporal images.

The above overview points out the large number of issues
and open problems deding with the anayss of
multitemporal remote-sensing images, and stresses the
topical aspects of this subject. In this chapter, we focus our
attention on one of these issues, as it results to be very
important in severa applications. the problem of detecting
land-cover changes by analyzing images acquired in the
same geographical area at different times. In particular,
unsupervised change-detection techniques (i.e. techniques
that do rot rely on any ground truth information) based on
the anadysis of a “difference image’ are described.
Attention is focused on one of the cruciad problems that
should be solved to deveop fully automatic and
unsupervised change-detection approachesii.e., the selection
of the decision threshold to be used to distinguish between
changed and unchanged areas in the difference image.

The chapter is organized into six sections. Section 2 defines
the problem of change detection in multitempora remote-
sensing images and focuses attention on techniques using
the difference image. Section 3 deds with heuristic
approaches to thresholding the difference image. Section 4
presents some novel techniques recently developed by the
authors within a Bayesian framework. In addition, some
theoreticaly well-founded thresholding Strategies, generaly
not used for remote-sensing problems, are described and
evaluated. Section 5 gives some examples of applications of
the considered techniques to real remote-sensing problems.
Findly, in Section 6, results are discussed and conclusions
are drawn.

2. UNSUPERVISED CHANGE-DETECTION
TECHNIQUESBASED

ON THE DIFFERENCE IMAGE
Change detection in multitempora remote-sensing imagesis
characterized by several peculiar factors that render
ineffective some of the multitemporaFimage anaysis
techniques typically used in other application domains. The
main difficulties affecting change detection in remote-
sensing images arise out of [2], [3], [4]: lack of a priori
information about the shapes of changed areas; absence of
a reference background; differences in light conditions,
aimospheric conditions, sensor cdibration, and ground
moisture a the two acquisition dates considered; problems
of dignment of multitemporal images (registration noise).
These factors restrict the use of most classicd
multitempora image-anaysis techniques to few particular
remote-sensing problems;, for instance, mode-based
approaches can be adopted only for specia purposes, like
detection of specific man-made objects [5].
In the literature, severa both supervised and unsupervised
techniques for detecting changes in multitempora remote-
sensing images have been proposed [2]-[8]. The former
require the availability of a “ground truth” from which to
derive a training set containing information about the
spectral signatures of the changes that occurred in a given
area between two dates. The latter perform change
detection without any additiona information besides the raw
images considered. Therefore, from an operationa point of
view, it is obvious that using unsupervised techniques is
mandatory in many remote-sensing applications, as suitable
ground-truth information is not always available.
This chapter deals with the widely used type of
unsupervised techniques that perform change detection
through a direct comparison of the original raw images
acquired in the same area a two different times. The
change-detection process performed by such techniques is
usually divided into three main sequentid steps. 1) pre-
processing, 2) image comparison, and 3) andysis of the
difference image. These steps are detailed in the following.

2.1 Pre-processing

Unsupervised change-detection agorithms usualy take two
digita images as input and return the locations where
differences in the two images can be observed. To
accomplish such a task, a preprocessing step is necessary
that is aimed at rendering the two images comparable in
both the spatial and spectra domains.

Concerning the spatial domain, the two images should be co-
registered ® that pixels with the same coordinates in the
images may be associated with the same ground area. This
isavery critical step, which, if inaccurately performed, may
make change-detection results unreliable (we refer to [9]
for more details on the impact of registration noise on the
accuracy of change detection, to [10]-[12] for techniques
aimed at supporting the registration process, and to [13]-[15]
for techniques devoted to reducing registration noise).



With regard to the spectral domain, changes in light and
atmospheric conditions between the two acquigition times
may be a potential source of errors and should be taken into
account in order to obtain accurate results [16]-[18]. This
problem can be mitigated by peforming a radiometric
cdibration of the images. To this end, two different
approaches can be taken: absolute calibration and relative
caibration. The former involves the conversion of the gray-
level values in the images into the corresponding ground
reflectance values [19]-[20]. The latter ams a modifying
the histograms of the images so that the same gray-leve
vaues in the two images may represent the same
reflectance values, whatever the reflectance values on the
ground may be [16], [17], [21]. The choice of one of the
two approaches depends on the particular application
considered and on the specific information available.

2.2 Image comparison

The two registered and corrected images are compared,
pixel by pixd, in order to generate a further image
(“difference image’). The difference image is computed in
such a way that pixels associated with land-cover changes
present gray-level values significantly different from those
of pixels associated with unchanged areas [2]. For example,
the univariate image differencing (UID) technique [2], [3]
generates the difference image by subtracting, on a pixe-
by-pixel basis, a single spectral band from each of the two
multispectral images under andysis. The choice of the
spectral band to be subtracted depends on the specific type
of change to be detected. Other techniques, like vegetation
index differencing (VID), make the same kind of
comparison by using vegetation indices [18] or alinear (e.g.,
Tassdled Cap Transformation [18]) or nonlinear
combination of origind spectra channels. An analogous
concept is followed by the widely used change vector
andyss (CVA) technique. In this case, severa spectra
channels are considered at each date (i.e., each pixel of the
image considered is represented by a vector whose
components are the gray-level values associated with that
pixe in the different spectral channels selected). Then, for
each pair of corresponding pixels, the so-called “ spectral
change vector” is computed as the difference in the feature
vectors between the two times. The pixels in the difference
image are associated with the magnitudes of the spectral
change vectors; it follows that unchanged pixels present
small gray-level vaues, whereas changed pixels present
rather large values. Another technique similar to the above-
described ones is image ratioing (IR) [2]. According to this
technique, the comparison between the spectral bands at the
two times is accomplished by computing the ratio, instead of
the difference, between the two images. The techniques
based on the principa component andysis (PCA) can be
used for unsupervised change detection in two different
ways. by applying the principd component transform

separately to the two feature spaces at each single time or
to the merged feature space related to the two times. In the
first case, the difference image is derived according to the
VID technique by using principad components instead of
vegetation indices. In the second case, changes result in
images associated with the minor components of the
transformation.

2.3 Analysis of the difference image

Land-cover changes can be detected by applying a decision
threshold to the histogram of the difference image. For
instance, when the UID or the CVA techniques are used,
changed pixels can be identified on the right side of the
histogram, as they are associated with large gray-leve
values. The selection of the decision threshold is of major
importance, as the accuracy of the fina change-detection
map strongly depends on this choice. This last step is the
most critical one in the development of completely automatic
and unsupervised techniques for the detection of land-cover
changes. Therefore, in the following, we shall focus our
atention on the problen of the automatic
analysis'thresholding of the difference image.

2.4 Problem formulation

Let us introduce the notation used in the following of the
chapter. Let X1 and X2 be two multispectral images, of size
|~ J, acquired in the same geographica area at two
different times, t1 and to. Let us assume that such images
have been co-registered, and that the possible differencesin
the light and atmospheric conditions a the two times have
been corrected. Let Xp be the difference image obtained by
applying to the origind images one of the techniques
described in subsection 2.2. Finally, let x(i, j) be the pixe

with coordinates {, ) in Xp, and let X(i, j) be a random
varigble (in the range [01...,G - 1]) that represents the
value assumed by x(i,j). Let w, and w, be the classes
associated with unchanged and changed pixels, respectively.
The approaches to the anaysgthresholding of the
difference image Xp can be divided into two categories.
heuristic approaches and Bayesian approaches. The former
include subjective non-automatic strategies based on tria-
and-error procedures or image thresholding agorithms
amed at optimizing empirica functions [2], [22], [23]. The
latter consist of strategies developed within the framework
of the Bayesian decision theory [24], [25].

3. AUTOMATIC ANALYSISTHRESHOLDING
OF THE DIFFERENCE IMAGE:
HEURISTIC APPROACHES
In remote-sensing problems, the analysis of the difference
image is usudly carried out according to empirica
thresholding strategies or manual tria-and-error procedures.
In particular, two main categories of methods have been



proposed in the literature: i) methods based on satistical
models; ii) methods based on the optimization of an objective
function of the selected threshold.

3.1 Methods based on statistical models

This category includes methods based on the modeling of: i)
the distribution of the difference image; ii) the spatia
digtribution of noise in the difference image; iii) the spatid
distribution of the signal in the difference image.

The methods based on the modeling of the distribution of the
difference image are usudly developed within the
framework of the single-hypothesis testing theory. Such a
theory implies the assumption (reasonable but not aways
verified) that few changes occurred between the two dates
considered. Under this hypothesis, the density function of
the pixel gray-leve vaues in the difference image may be
confused with the density function of the unchanged pixels.
Consequently, a decison strategy based on the single-
hypothesis testing theory can be adopted [26], i.e., pixels
with gray-level values significantly different from the mean
of the dendity function of the difference image are labeled
as changed. In many cases, it is reasonable to assume that
the distribution of the difference image can be modeled with
a Gaussian function. Under this assumption, the decision
threshold is typically fixed a ns , from the mean value m,

of the difference image, s , being the standard deviation of

the density function of the pixel gray-level values in the
difference image, and n being a real number derived by a
trial-and-error procedure. Some authors [8], [27], [28] have
experimentaly studied the effects of different n values on
the accuracy of change-detection results.

The methods based on the spatid distribution of noise focus
attention on the model of the spatia noise affecting the
difference image. Usually, this noise (which is assumed to
be white) is modeled according to a Poisson distribution.
The threshold selection process is carried out on the basis of
the observation that pixels belonging to changed regions tend
to clugter rather than follow a Poisson distribution [22].

The connectivity method belongs to the category of
gpproaches that model the spatia distribution of the signd in
the difference image. The rationae for this method is the
following. Considering only the signal and supposing that the
classes are well separated, it is reasonable to assume that
the properties of the regions made up of changed and
unchanged pixels will remain stable over a range of
thresholds;, on the contrary, consdering only the spatial
noise, smdl differences in the threshold value may lead to
sgnificant variations in the number and properties of the
changed areas detected in the image. On the basis of this
observation, O'Gorman [29] proposed first to look for a
range of threshold values that lead to a stable number of
regions and then to select the final threshold from this range.
Rather than counting the number of regions, Rosin and Ellis
[30] suggested to use the image's Euler number to increase

the computational efficiency of the method. According to
this approach, the decision threshold can be set at the corner
of the curve that describes the behavior of the
aforementioned Euler number versus the value point. Such a
corner is detected as the point with the maximum deviation
from the straight line drawn between the end points of the
curve.

3.2 Methods based on the optimization of an objective
function

The methods of this category threshold the difference image
in such a way that the changed and unchanged classes
satisfy a set of desired properties. This task is accomplished
by optimizing (i.e, maximizing or minimizing) an objective
function of the selected threshold. These approaches have
been derived from the field of image segmentation, where
they are widdy used. Otsu [31] proposed an interesting
technique belonging to this kind of methods. It maximizes
the separability of changed and unchanged pixels by
considering the variance between the related classes. The
Kapur method [32] and the Huang and Wang method [33]
maximize the entropy measure of the segmented histogram.
The thresholds provided by these entropy criteria tend to
make the obtained class means as separated as possible and
the class variances as small as possible.

4. AUTOMATIC ANALYSISTHRESHOLDING
OF THE DIFFERENCE IMAGE:
BAYESIAN APPROACHES
The weak link of heuristic approaches with the optimal
Bayesian decision theory, as well as their dependence on
subjective and empirical criteria, represents a critical
limitation of this kind of methods. An interesting aternative,
amed a overcoming the aforementioned drawbacks,
conggts in formulating the problem of the andysis of the
difference image in the framework of the Bayesian decision
theory. Within this framework, change detection can be
defined as a two-class classfication problem: we have to
discriminate between two classes, w, and w,, associated
with unchanged and changed pixels, respectively. Given the
one-dimensond nature of the problem of the difference-
image anadyds, the solution of the clasdfication problem is
equivalent to the selection of a decision threshold. However,
the application of the Bayesan theory requires the
knowledge of the dtatistical terms associated with the two
classes (i.e., prior probabilities P(wy), P(w.) and probability
density functions p(Xw,), p(X/wg)). This represents a
critical issue in the unsupervised analysis of the difference
image, as we have not a training set for estimating the
aforementioned terms. In [34], a computationally efficient
solution to the problem is proposed. The method is based on
the optimization of a criterion function related to the average



pixel classification error rate rather than to the estimation of
the statistical terms of the changed and unchanged classes.
On the one hand, this method turns out to be very smple
and computationally efficient; on the other hand, the derived
threshold vaue corresponds to the one that would be
obtained by using biased estimates of the required statistical
terms. In [24], [25], an unsupervised approach is presented
that ams a explicitly estimating the aforesaid dtatistical
terms of the changed and unchanged classes on the basis of
the properties of the difference image. Thanks to the
resulting estimates, it is then possible to apply different
Bayesian drategies to the analysigthresholding of the
difference image. In the following, we focus on this
unsupervised approach.

4.1 Unsupervised estimation of the difference-image
statistical terms

For the sake of simplicity, let us assume that the difference
image is obtained with the UID or the CVA techniques (it is
worth noting that a generdization to other techniques is
straightforward). The unsupervised estimation of the
statistical terms of the difference image is based on the
assumption that the histogram of Xp can be modeled as a
mixture density made up of the distributions of the two
classes associated with the changed and unchanged pixels,
respectively, i.e..

p(X)= p(X/w,)Plw, )+ p(X 1w )Plv.). (@)

According to (1), the estimation of these dtatigtical terms
can be carried out in the framework of a mixture estimation
problem [24], [25]. Two possible approaches can be taken:
the parametric approach [24] and the adaptive
semiparametric one [25]. The former assumes that the two
considered classes can be modeled with a parametric
digtribution (e.g., a Gaussian distribution). The latter does
not assume any specific mode for the distribution of the
classes, which are described by a “sub-optimal” set of
kernd functions. Both estimation approaches include two
different phases: i) initidization; ii) iterative optimization.

i) Initialization - In this phase, a smal number of pixes,
which can be reasonably labeled as belonging to either w;, or
W, are selected by exploiting the intrinsic characteristics of
the difference image. Then, on the basis of such pixes, the
initial estimates of the statistical terms involved in (1) are
derived. In particular, a subset S, of pixeslikdy to belong to
W, and a subset S of pixes likely to belong to w, can be
obtained by applying two thresholds, T,, and T, to the left
and right extremes of the histogram h(X) of the difference
image (see Fig. 1). Different strategies can be adopted in
order to obtain two reasonable values of T, and T,

depending on the prior information available for the problem
considered [25]. A simple strategy congists in defining Ty,
and T, in terms of the middle value Mp of the histogram
h(X) as:

T =M,(1-a); T.=M_(1+a) 2

where a isarea number (0<a <1) that defines the range
around Mp in which pixels cannot be easly classfied as
either changed or unchanged pixels. Mp can be expressed
by Mg = (max{X }- min{x,})/2, where max{X,} and
min{X p} are the maximum and minimum gray-level values
in Xp, respectively. Once T, and T, have been fixed, first
rough estimates of p(X/wy), p(Xiw), P(w,) and P(wc) can
be obtained from the initid sets of pixels, S, and S.
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Fig. 1. Schematic representation of the thresholding strategy
applied to the difference-image histogram in the initialization
phases of the unsupervised estimation approaches.

i) Iterative optimization - In this phase, asothe unlabeled
pixels that have not been used in the first phase, and that
can turn out to be either changed or unchanged, are used to
improve the estimates of the aforesaid statistical terms by
an iterative process based on the EM agorithm [35]-[37]. In
particular, the subset of pixels S, = X, - {S, E S,} isused
to increase the accuracies of the estimates of the statistical
terms that define the mixture density p(X). The estimates
obtained by the EM agorithm at convergence can be
exploited to select the threshold for the difference image on
the basis of the Bayesian theory (the strategies that can be
adopted within this framework are described in subsection
4.2).

Although the general formulation of the methodology i<
smilar, the parametric and the adaptive semi-parametric
approaches result in different specific definitions of the
aforementioned initialization and iterative optimization steps.
In the following, the two approaches are considered
separately.



4.1.1 Parametric estimation of p(X/wy), p(X/w), P(wy), and
P(w)

Let us consider, for smplicity, that the distribution of the
classes of changed and unchanged pixels can be modeled by
a Gaussan function (it is worth noting that, in this approach,
any parametric model could replace the Gaussian one). This
assumption is reasonable, for example, if we derive the
difference image by applying the UID technique to images
acquired by passive sensors. It remains a reasonable
gpproximation aso if the CVA technique is applied instead
of the UID one (however, note that in this case the
magnitude operator may affect the Gaussanity of the
density function of unchanged pixels).

Under this assumption, the density function associated with
the class w, can be described by the mean m, and the

variance s 2; andogoudy, the density function associated
with the class w, can be described by the mean m, and the
variance s ?. Accordingly, the parameter vector to be
optimized is q = [m],nl SZs fJ This vector is initidized by
computing the means and the variances of the classes by
using the pixels belonging to the subsets S, and S.. Then, it
is possible to prove that the iterative equations to be used to

optimize the components of the vector in an unsupervised
way are the following (consider the class w ;) [24]:

pa(w, ) =Xinixe  PX() ®

)
i = 0% p'(X(i,))
é Pt(Wn)p( i
X(1.0) Xp p'(X(i. ]

2 t+1 _ X(i,)i Xp
n) -
3 )
X(i) Xo p (X (7))

where the superscripts t and t+1 denote the vaues of the
parameters at the current and next iterations, respectively.
Analogous equations are used to edimate the prior
probability and the mean and variance values of the
conditional dengity function associated with the class w.. It
is possble to prove that, a each iteration of the EM
algorithm, the estimated parameters provide an increase in
the loglikdihood function L(g)=Inp(X]|q). At

convergence, a local maximum of this function is reached.
Although convergence can be ensured, it is not possible to

(s

guarantee that the agorithm will converge to the globa
maximum of the likelihood [37]-[39].

4.1.2 Adaptive semi-parametric estimation of p(Xiwy),
p(X/ WC)! P(Wn)1 and P(WC)

The parametric estimation procedure can be used only when
a reasonable assumption on the distribution of the classes
can be made. However, in some cases (e.g., when the
difference image is computed on the basis of texture
features, when the classes are multimodal, etc.), it is not
possible to assume any parametric model for the class
distributions. In this case, the adaptive semi-parametric
approach proposed in [25] should be used. The term
"adaptive" points out that this approach does not assume any
a priori model for the data distribution; the term "semi-
parametric” refers to the nature of the final estimates, which
are derived by converting the initid non-parametric model
into a more suitable semi-parametric description of the
difference-image dendties. This procedure exploits two
well-founded theoretical techniques for accomplishing the
estimation process. the reduced parzen estimate (RPE)
technique [40] and the EM agorithm. In particular, the RPE
procedure is used to derive initia non-parametric estimates
of the probability density functions of changed and
unchanged pixels in the difference image. Then, these non-
parametric estimates are iteratively improved by using the
EM agorithm to provide a more accurate description of the
difference-image datistics. In this case, the method is
significantly more complex that the parametric one.

In the firgt phase (initidization), the initid estimates of the
datigtical terms involved in (1) are derived by applying the
non-parametric RPE technique [40] separately to the
subsets of pixels belonging to S, and S.. Accordingly, the
density function p(X/wy) (Wy T fwn wc}) can beinitialized
by using the following equation:

o0
>l

o s u
Pry (X /1w, )= kéTg 6
e u

1
R, ¢

1

where k(¥ is akernd function satisfying ok(X)dX =1, his
the kernel-size control parameter, Y, represents each of the
R, representative pixels selected from S, (S, 1 {S,.S,}) s0
that they can approximate the distribution of the pixelsin S,
as close as posshle [25]. According to [40], the R,
representative pixels are selected from S, so that the
entropy between (6) and the corresponding estimates
carried out by the classica Parzen estimation process
(applied to adl samples) can be maximized [25]. The
resulting estimates, even though biased by the two initia sets
of pixes, S, and S, represent a reasonable starting point to
derive the final density functions of changed and unchanged



pixels in the difference image. For a more detaled
description of the initidization technique, we refer the reader
to [25].

In the second phase (iterative optimization), a more flexible
expression for the edtimation of each density function
p(X/w,) is applied. In particular, the kernelsize control
parameter is alowed to be different for each kerne; in
addition, each kernd function is associated with a different
weight such that the sum of the R, weights associated with
the class w, may be equa to one. On the one hand, this
increases the number of parameters to be estimated but, on
the other hand, it makes it possible to obtain more accurate
approximations for the real distributions. It is worth noting
that the aforementioned procedure implies the conversion of
the non-parametric modd (derived from the previous
initidlization phase) into a more suitable semi-parametric
model. This semi-parametric mode provides (by exploiting
the unlabeled samples present in the subset S)) a more
accurate description of the probability density functions of
changed and unchanged pixels. In this context, the new
expresson for each density function p(X/w,) can be
obtained by rewriting expression (10) as:

PR, (X/wy)= & ke .
R ' r=1hr,v e hr,v 9]

R I:)r,v é(X - Yr,v)g )

Using this formulation, the parameter vector to be optimized
becomes q, = [hl,v O 1 VI (VIO (VN LR TN o RVNJ,

Y,, and P, represent the I-th kernel-size

Where hI V! (Y l,v
control parameter, the I-th representative sample and the I-
th weight, respectively, associated with the class wi,.

In this case too, it is possible to formulate the iterative
estimation process in the framework of the EM agorithm
[25]. At each iteration of the EM algorithm, the estimated
parameters provide an increase in the log-likelihood function
L(q)=Inp(X|q) (where q =g, q.] is the parameter
vector to be computed) [25]. At convergence, a loca
maximum of the log-likelihood function is reached.

4.2 Thresholding strategies

The unsupervised estimation procedures described in the
previous subsection alow one to derive the statistical terms
necessary to define the problem of selecting the decision
threshold in a Bayesian framework. Accordingly, different
strategies can be used to derive the threshold value. The
most suitable strategy should be chosen on the basis of both
end-users  requirements and the available a priori
knowledge of the considered problem. Concerning end-
users requirements, two different goals can be attained:
minimization of the overall change-detection error and
minimization of the consequences of errors on the specific
application considered. Moreover, in the latter case, it is

possible to deal with two different situations, depending on
the available prior knowledge: the different consequences
involved by fase and missed darms can be quantitatively
assessed (this allows one to associate a cost term with each
kind of eror); quantitative evauations of the cods of
different errors are not possible but a constraint on the
percentage of false (or missed) alarms can be imposed. A
further digtinction should be made between two possible
operating conditions. the system to be developed can support
the iterative approaches to the estimation of the statistical
terms of the difference image described in the previous
section; the system can rely on a fixed threshold derived in
the system-design phase, but cannot update this value over
time by automatic procedures. In the following, these cases
will be discussed in greater detall.

4.2.1 Minimum-error strategy

Let us consider the case in which we are interested in
minimizing the overal change-detection error without
considering the costs of fase and missed adams. The
minimization of the overal change-detection error can be
accomplished by sdlecting the decision threshold according
to the Bayes rule for the minimum error, i.e. [41]

wy =arg max {Pw;/X(, )} =
wi fve e}

=ag max {Plw Jp(X(, /wi } 8

Applying this rule to solve the change-detection problem is
equivdent to thresholding the difference image a the
maximum-likelihood boundary T, between the classes w,
and w.. Therefore, on the basis of the estimates of the
datistical terms obtained by the EM agorithm, the optimum
threshold value T, can be estimated by solving the following
equation in terms of the variable X:

P(Wc) _ p(X/Wn)
Pwy)  pXwe) ©

It is worth noting that the accuracy of the threshold vaue
'T'O obtained and hence the precison of the fina change-
detection map depend on the accuracies of the estimates
provided by the EM algorithm.

The use of this strategy results in the implicit assumption
that false and missed alarms are of the same importance in
the considered application.

4.2.2 Minimum-cost strategy

In severa practical applications, to assume that false and
missed alarms are of the same importance is not the best
strategy to accomplish the change-detection process.
Different kinds of errors may be associated with different
consegquences to end-users. This typicaly occurs when



change-detection maps are used to support decision making
(eg., in relaion to risk assessment, damage evauation,
etc.). From this perspective, the decision threshold should be
defined according to a tradeoff between false and missed
darms weighted with the costs they involve in the
gpplication considered. If a quantitative evauation of costs
of fase and missed aarms is possible (or if a least the
relative importance of such costs can be estimated), the
decision threshold can be derived according to the Bayes
rule for the minimum cost [42], [43]. This rule is a
generalization of the Bayes rule for the minimum error.

Let ¢, be a postive integer value that defines the cost of
fase aarms (i.e., the cost of classifying a pixdl belonging to
the class w;, as a pixel beonging to the class w), and let ¢y
be a positive integer value that defines the cost of missed
aarms (i.e., the cost of classifying a pixel belonging to the
class w; as a pixel belonging to the class w,). The decision
threshold T, that minimizes the cost involved by the

decison rule can be derived by solving the following
equation in terms of the variable X:

Ce Pwe ) _ p(X 1wy)
cPl,)  pOX Tw,) 4
Equation (10) can be rewritten as:
Plw,) _ p(X/w,) "
) (X ) -

where k=c./c,, is a parameter that simplifies the
definition of the threshold as it establishes the reation
between the costs of false and missed darms, instead of
assigning numerica values to them [41].

4.2.3 Neyman-Pearson strategy

In some problems, it is very difficult to determine redigtic
codts of false and missed alarms because it is complex to
associate the consequences of each error with an
appropriate integer number. To overcome this drawback, it
is possible to define the decision threshold by teking into
account the conditiona probabilities of fase aarms (Ps) and
missed darms (Py), i.€.,

G-1

Pr = op(X/wy)dX (12
To
TO

Pn = op(X/w¢)dX . 13
0

In particular, we may am to minimize the overal change-
detection error subject to a constraint on P; or Pn,. For

example, we might aim to minimize the total error subject to
the congtraint that the probability of false alarms (or missed
alarms) should be fixed at a predefined vaue. This alows
one to deal with applications where an increase in false (or
missed) alarms above a given value results in unacceptable
conseguences to end-users. In these cases, the decision
strategy should be designed according to the Neymar+
Pearson drategy [41]. In particular, given the one-
dimensional nature of our woblem, the decison threshold
can be easily obtained on the basis of equation (12) (if the
probability of false darmsis fixed) or of equation (13) (if the
probability of missed dams is fixed) (see Fig. 2). The
density functions p(X/wy,) and p(X/wc) to be considered for
the computation of the decison threshold are the ones
estimated by using the approaches described in subsection
4.1.

It is worth noting that, in our case, there is a strong
relationship between the Bayes rule for the minimum cost
and the Neyman-Pearson criterion. In particular, they are
based on a similar philosophy. The only difference is that, if
we use the former, we explicitly consider the costs of both
false and missed alarms. If we use the latter, we fix the
threshold in order to minimize the overal error probability by
imposing a congtraint on the rate of false darms (or missed
alarms).

A
p(X/ )
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>
0 / \ | X
To Pf G-1
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Fig. 2. Probabilities of false alarms (P;) and missed alarms (P, )
involved by the decision threshold T,

4.2.4 Minimax strategy

All the above-described decision rules require the
knowledge of the prior probabilities of the classes P(w.) and
P(wp). In the context of our problem, this is not a critical
congtraint, given the available unsupervised procedure for
the estimation of the prior probabilities and the probability
density functions of the classes. However, in some
gpplications, for a specific change-detection problem (e.g.,
detection of burned areas), it might be necessary to set a
decison threshold in the design phase of the system, and
then to rely on this threshold also for new images different
from the ones used in the threshold-selection phase. Even if
this dtuation should be avoided because the resulting
change-detection maps might be serioudy affected by this
procedure, it is important to use an appropriate strategy (for



the threshold-selection process) capable to dea with this
kind of problems. In this context, if the application, the
geographical area, and the sensor used do not change, it is
guite reasonable to assume that if one changes the
acquisition times of the images, the behaviors of the density
functions of changed and unchanged areas will not
significantly vary. On the contrary, it is evident that the prior
probabilities of changed and unchanged classes may result
in sgnificant variaions over time. Consequently, in the
design phase of the system, a “robust” decision rule should
be defined, i.e., athreshold should be chosen that is capable
to discriminate between changed and unchanged pixels as
well as possible over awide range of different values of the
prior probabilities. To deal with this problem, we propose to
adopt the minimax criterion [41]. This criterion, which is
well-known in classical decision theory, alows one to select
the threshold by minimizing the maximum possible overdl
error (or cost) versus the values of the prior probabilities of
the classes. In other words, the minimax criterion defines
such a threshold that the worst overal error (or cost) for
any vaues of the prior probabilities turns out to be as small
as possible. It can be proven that the equation that should be
used to derive the decison threshold according to the
minimax \criterion is the following [41]:

G-1 To
(Ccn - 1) (‘)p(X/Wn)dX + (Cnc - 1) bp(X/WC)dX =0. (14
To 0
Figure 3 shows a graphica description of the minimax
decision rule. The curve represents the trend of the Bayes
change-detection error versus the prior probability P(w.) of
changed pixels (it is worth noting that, as P(w,)=1- P(w),
this diagram completely represents the behavior of the error
in the considered change-detection problem). This curve is
obtained by sdecting the optima decison threshold
(according to the rule described in subsection 4.2.1) for any

possible value of P(w.). For any decision threshold chosen

for fixed values of the prior probabilities (e.g., for P(w.)=0.2
in Fg. 3), if the prior probabilities vary (i.e, if, in new

images, they are different from the ones related to the
images used to design the decision rule), the error probability
will change as a linear function of P(w,) (dashed linein Fig.
3). The maximum of such an error will occur at extreme
values of the prior probabilities (eg., a P(wy)=1 in Fig. 3).

To minimize the maximum possible values of this error, we
should select such a decision threshold that the maximum

error may occur (P(w,) =0.7 in Fig. 3). As a consequence,

we have the advantage that the error will not change as a
function of the prior probabilities, as shown in Fig. 3 by the
solid horizontd line.

It is important to stress that this decison rule usualy
involves a much higher change-detection error (or change-
detection cost) than the optima Bayes rule for the minimum
error (or the minimum cost). However, if in the considered

change-detection system the tuning of the decision threshold

over time is not possible, the use of the minimax criterion
alows one to avoid a dramatic increase in the change-
detection error resulting from possible significant changesin

4 Overall change
detection error
probability 1 os
//
////
///
// -
//
e
0.1r
0 0.2 0.7 1 Pwe)

Fig. 3. Graphical description of the minimax decision rule. The
curve represents the Bayes change-detection error versus the
prior probability P(w). Given a decision threshold derived for
specific values of the prior probabilities (e.g., P(w)=0.2), if the
prior probabilities vary, the change-detection error changes as a
linear function (dashed line). To minimize the maximum vale of
such an error, the threshold should be selected for the maximum
Bayes error (e.g., P(W)=0.7). As aresult, the overal error will not
change as afunction of the prior probability (solid horizontal line).

the prior probabilities of the classes present in the new
images.

4.2.5. Context-based strategy

The previous described strategies alow one to automatic
select the decision threshold value that minimizes the overal
change-detection error probability, under the assumption that
the pixels in the difference image are independent of one
another. An dternative strategy consists in andyzing the
difference image by considering the spatial-contextual
information included in the neighborhood of each pixd. In
[25], an approach based on Markov Random Fields (MRFs)
is presented that exploits the interpixel class dependence
context (we refer the reader to [44]-[47] for details on
MRFs). Such an approach involves the assumption that the
changes to be identified are large enough to be detected by
the sensor used. Under this hypothesis, a pixel belonging to
the class wy islikely to be surrounded by pixels belonging to
the same class. Therefore, efficient use of this interpixel
class dependence may yieddd more reliable and more
accurate change-detection results.

Let the set C={C|,1£I1£L}, with L=2", be
composed of al the possible sets of labels in the difference
image Xp, where C, ={C,(i,j). 1£i £ 1,1£ j £ 3}, with



C,(i,j)T {w,w.}, is a generic set of labds in Xp. By
taking into account the spatia-contextua information, the
Bayes rule for the minimum error, as defined in (8), can be
rewritten as the selection of a set Cy that maximizes the

following rule:
Cy =argmax {P(C, /X )} =
Gic

= argirrclax{P(Cl)p(XD/Cl )} (15)

where P(C)) is the prior modd for the class labels, and
p(Xp/C)) is the joint density function of the pixel vaues in
the difference image, given the set of labels C|. The
maximization of (15) requires the estimations of both P(C))
and p(Xp/Cj), which are very complex tasks. The problem

can be smplified if we mode the spatia-contextua
information in a loca spatia neighborhood. This is rather a
reasonable approach if we consider the interpixel class
dependence, as the interactions between the classes of
pixels decrease rapidly as the distances between the pixels
increase. In this context, an MRF approach can be used to
model the spatial context in the prior modd for the class
labels P(Cj). MRFs provide a methodological framework

that alows one to fully exploit the interpixel class
dependence. As a further simplification of the problem, we
assume the following conditional independence:
Xp/C)= O pX(i,j)/Ci(i,j). (16
X(i. ) Xp
According to (15), the generation of the finad change-
detection map involves the labeling of dl the pixds in the
difference image so that, under the above-mentioned
assumptions, the conditional posterior probability is
maximized. In terms of the Markovian approach, it is

possible to prove [25] that this procedure is equivalent to the
minimization of the following energy function [44]-[48]:

U(Xp,.C)=a a [Udata(X(i,j)/Cl(i,j))+
EiEl 1£ £

+U comea(Ci (1,1 )ACi(g,h), (g,M)T NG, @

where, in the case of Gaussian distributions of the changed
and unchanged classes (it is straightforward to derive smilar
equations for the adaptive semi-parametric case [25]), we
have:

U gata (X (1,3),C1(1,1))= %'n|203 &anl*
+%(X(i,j)- rlel(i,j))z[s(2:|(i,i)]—l (18)

) Sé(ivJ')T{sr?’SS} and nlzl(i,j)i{ﬁh,M} are the

estimates obtained by the EM agorithm under the
assumption of independence.

- U gontex¥ isthe Gibbs energy function given by:

U contet(C1 G 1)/{C1 (9, 1), (9, )T NG, j)})=
= & bd(CG.0).Cah) @9
(9.0 NG, )
- NG ) ={G. §) + (v, V), (v,W)T N} isaneighbor of
the pixel with coordinates (i, j),

- dg isthe Kronecker delta function given by:

dy(Ci(i.1).Ci(g,h))=
1 if C(i,j)=C/(g.h)

o if gi.):c(ah @

_i-

=1

]
- b is a constant that tunes the influence of the

spatial-contextua information on the change-
detection process.

The minimization of (17) can be carried out by using the
smple and fast approach based on Besag's Iterated
Conditional Modes (ICM) agorithm, which has been
proved to converge to a loca minimum of the energy
function [49]-[50]. According to this approach, the C| that

minimizes (17) is obtained by the following agorithm:

Step 1: For dl pixels X(i, j) T Xp , initidize Cy(i, j)
with the class that minimizes the non-
contextua energy function
U gaa (X (0, 1),C1 G, 1))

Step 2: For dl pixels X(i, j) T Xp, update C|(i ,j) to
the class that minimizes equation (17).

Step 3: Repeat step 2 until convergence is reached.

5. EXPERIMENTAL COMPARISONS
This section deals with the assessment of the effectiveness
of the Bayesian approaches to the anaysisg/thresholding of
the difference image proposed by the authors and described
in Section 4. In paticular, both the approaches to the
estimation of the statistical terms of the difference image
and the related Bayesian thresholding strategies are
considered. Experiments were carried out on two different
remote-sensing data sets.
The first data set consisted of two multispectral images
acquired by the Landsat-5 Thematic Mapper (TM) sensor
on the Idand of Elba, Italy, in August and September 1994.
Figures 4 (&) and (b) show channels 4 (i.e., near-infrared
spectra channels) of both images.
The second data set was composed of two images acquired
on the Peloponnesian Peninsula, Greece, by the IRS-P3
WIFS sensor in April and September 1998. Figures 5 (@) and
(b) show channels 2 (i.e. near-infrared spectral channels) of
both images.



In both areas considered, some wildfires destroyed part of
the vegetation between the two acquisition dates. The
available ground-truth information about the burnt areas was
used to prepare a “reference map” for each of the two data
sets (Fig. 6 () and (b)). The reference maps turned out to
be very useful to quantitatively assess change-detection
errors. It is worth noting that this quantitative evaluation is a
crucid task for agorithm validation.

Different experiments were carried out on the two data
sets. The images of the Idand of Elba were used to assess
both the effectiveness of the parametric verson of the
unsupervised estimation technique described in Section 4.1
and the change-detection results obtained by the different
non-contextual Bayesian strategies described in Section 4.2
(i.e, the minimum-error, minimum-cost, Neymar+Pearson,
and minimax drategies). Concerning the images of the
Peloponnesian Peninsula, they were used to vaidate both
the adaptive semi-parametric version of the unsupervised
estimation approach described in Section 4.1 and the spatial
contextual strategy based on MRFs described in Section
4.2. In both cases, the results were compared with the ones
obtained by applying to the difference image the optimal
threshold T, capable to minimize the overall error. Such a
threshold was derived by a manual trial-and-error procedure
according to the available reference maps.

5.1 Data set related to the Island of Elba

As described in the methodologica part of this chapter, the
fird¢ step in a change-detection process is aimed at
rendering the two multitempora images comparable in both
the spatiad and gpectral domains. To this end, the
September 1994 image weas registered to the August 1994
one. Concerning the radiometric cdibration of the data, the
anadysis of the histograms of both images did not reveal any
sggnificant differences in the amospheric and light
conditions a the
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Fig. 5. Bands 2 of the IRS-P3 WiFS images acquired on the Peloponnesian Peninsula, Greece, in: (a) April 1998; (b) September1998.
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Fg. 6. Ground-truth maps of the changed areas used as reference maps in the experiments: (a) Island of Elba; (b) Peloponnesian Peninsula.



two acquigtion times. Accordingly, no correction algorithms
were applied.

The CVA technique was applied to spectra channels4 and
7 of the images, as they were found to be very effective in
locating the burnt areas. First of all, the density functions
p(Xiw,) and p(X/iwg), and the prior probabilities P(w,) and
P(w;) were derived. An analysis of the histogram of the
difference image (see Fig. 7) reveded that it is quite
reasonable to model the histogram as a mixture of two
Gaussian functions (i.e., both density functions p(X/wy,) and
p(X/w.,) can be approximated by a Gaussian function).
Consequently, the parametric verson of the approach
described in subsection 4.1 was applied. In Fig. 7, the
obtained estimates of the distributions of the two classes are
superimposed upon the histogram of the difference image.
As one can see, the density functions of the classes derived
by the EM agorithm resulted in a reasonable approximation
for the digtribution of the difference image. Deeper
quantitative analyses of the accuracy of the estimates and
of the stability of the EM agorithm versus its initidization
parameters were also carried out. The obtained results
(reported in [24]) confirm the effectiveness of the
estimation technique.

Once the estimates of the densties functions and of the
prior probabilities of the classes were obtained, some of the
decison strategies described in subsection 4.2 (i.e, the
minimunterror, minimum-cost, Neyman-Pearson, minimax
strategies) were applied to the difference image. The results
were compared with the ones obtained by applying the
threshold T, that minimizes the overall error (i.e., 84). Such
a threshold value was derived by applying a manual tria-
and-error procedure to the difference image according to
the ground-truth map.

Firg of dl, the minimum-error criterion was used to derive
the decision threshold (see (9)). A vaue of the threshold
equa to 82 was obtained, which is very close to the
minimum-error threshold T, derived by the manua tria-and-
eror method (i.e, 84). Consequently, the automatic
minimum-error - strategy  resulted in an overall change-
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Fig. 7. Histogram of the difference image corresponding to the

data set related to the Island of Elba. The estimates of the
densities of the classes w; and w, obtained with the parametric
technique, are superimposed.

detection error (i.e., 438 pixels) very close to the minimum
one (i.e, 424 pixels). Concerning the error typologies,
the proposed approach resulted in 218 false darms and
220 missed darms, whereas the minimum overall error
threshold T, involved 142 fase dams and 282 missed
alarms. Figures 8 (@) and (b) show the change-detection
maps obtained by applying the minimum error threshold T,

and the estimated threshold 'T'O, respectively. As one can

see, dso a quditative andlysis of the obtained maps
confirms the effectiveness of the proposed approach.

Let us now consider the case in which the costs of false and
missed darms are different and can be quantitatively
evauated. In this case, the decison threshold can be
selected according to the minimum-cost aiterion (see (10)
and (11)). Two different cases may occur: i) end-users
consder the underestimation of a burnt area (i.e., missed
alarms) as the mogt critical error; ii) end-users require a
fina change-detection map where areas erroneously
identified as burnt ones (i.e., false alarms) are minimized. In
the first case, the cost cn. associated with missed darms
was assumed k times as high as the cost ¢, associated with
fase darms. In particular, two experiments with k equa to
5 and 10 were carried out. As one can see in Table 1, by
increasing k, we significantly reduced the number of missed
alarms (i.e., the more critical errors) from 151 (for k=5) to
only 59 (k=10). As expected, the increase in Kk resulted in a
larger number of false darms. In the second case, the cost
Cnc associated with missed alarms was assumed Kk times as
low as the cost c,, associated with false darms. In
particular, two experiments with k equal to 0.1 and 0.2 were
carried out. Accordingly, the decrease in k resulted in ¢
smdler number of fase darms (i.e, the more critica
errors), and in a larger number of missed alarms (see Table
1). In both cases, the results meet the end-user's
requirements, in agreement with the specific costs chosen.
As an example, Fig. 9 shows the change-detection map
obtained by applying the threshold estimated for k=0.2 (i.e.,

fo =92). As one can see, the change-detection map, as

compared with the one achieved by the minimum-error
strategy (see Fig. 8 (@), presents a smaller number of false
alarms and a larger number of missed darms.

Let us now suppose that end users require a specific
condraint on the conditiona probability of fase alarms Px.
Table 2 gives the results obtained by applying the Neyman-
Pearson criterion to the selection of the decision threshold
for different values of P;. As one can see, by decreasing the
value of the acceptable P;, we significantly reduced the
number of fadse dams from 1667 ( P; = 0.01) to
35

(Pr = 0.0001). On the contrary, the number of missed
aarms increased, as expected.



Findly, let us condder the case in which the minimax
criterion is adopted to derive the decision threshold. In this
Stuation, the threshold is computed according to (14) for

minimizing the maximum possible error. If such a criterion
(for k=1) is applied, the estimated threshold is equd to 63.
This value results in 3492 false darms and 4 missed darms.

(@)

(b)

Fig. 8. Change-detection maps obtained for the data set related to the Island of Elba by applying to the difference image (a) the threshol:
estimated by the minimumerror Bayesian strategy, (b) the optimal threshold that minimizes the overall change-detection error yielded by i

manual trial-and-error procedure.

Table 1. False and missed alarms incurred by the minimum-cost
criterion for k values ranging from 0.1 to 10.

K = Cne/Cen Eﬂﬁgjd Fase Alarms Missed Alarms
0.1 95 32 526
0.2 92 54 443
5 78 367 151
10 74 846 59

Table 2. False and missed alarms incurred by the Neyman-Pearson
criterion for different constraints on the conditional probability of
false darmsP;.

Threshold

Ps . Fase Alarms Missed Alarms
obtained
0.0001 A 35 509
0.0005 87 122 311
0.001 83 218 220
0.005 73 871 53
0.001 69 1667 16

On the one hand, the use of the minimax criterion
significantly increased the overal error (i.e., 3496 pixels), as
compared with the case in which the prior probabilities of
the classes are exactly known (i.e., 424 pixels); on the other
hand, it decreased the overall error, as compared with the
case in which the prior probabilities are unknown and
significantly wrong estimates of such probabilities are used
in the design of the decision rule according to (9) (e.g., using
P(w,)=0.1 in the design of the decision rule, the overall

error resultsin 10107 pixels).

5.2 Data set related to the Peloponnesian Peninsula

In this case too, the images were registered by using the
image acquired in April as the reference one. The analysis
of the hisograms of both images did not reved any
sgnificant differences in the amospheric and light
conditions a the two acquisition times. Consequently, no
correction agorithms were applied. The UID technique was
applied to spectral channe 2, as this band was found to be
very effective in detecting burnt areas. The anaysis of the
histogram of the difference image (see Fig. 10) showed that
it is not reasonable to model the density functions of the
classes associated with changed and unchanged pixels with
Gaussian functions. Consequently, the adaptive semi-
parametric version of the unsupervised estimation approach
was applied to derive p(Xiwy), p(Xiw ¢), P(Wy), and P(w).
Concerning the initia thresholds, T, and T they were
selected by setting a to 0.5 (see (2)); the number N of
kernels and the smoothing parameter h were set to 6 and
50, respectively. In Fig. 10, the obtained estimates of the
density functions of the classes w, and w. are
superimposed



Fig. 9. Change-detection map obtained for the data set related to
the Island of Elba by applying the threshold yielded by the
minimum-cost strategy (k=0.2).
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Fig. 10. Histogram of the difference image corresponding to the
data set related to the Peloponnesian Peninsula. The estimates of
the densities of the two classes wy and wy, obtained by the
adaptive semi -parametric approach, are superimposed.

upon the histogram of the difference image. As one can see,
such edtimates provide an accurate description of the
behavior of the histogram.

The aforementioned estimates can be exploited to derive the
decision threshold by using any of the Bayesian strategies
described in subsection 4.2. However, in order to provide an
example of the results that can be obtained by using the
context-gpatial information in the analysis of the difference
image, the dtrategy based on MRFs, as proposed in
subsection 4.1.5, was applied to the difference image. The
parameter b of the MRFs was set to 1.5 [25]. As one can

see from Table 3, the overal error automatically obtained by
the Bayesian contextua approach (i.e, 2763 pixels) was
sgnificantly smaller than the minimum one achievable by a
manua tria-and-error procedure (i.e, 3553 pixes). In
greater detail, on the one hand, the number of missed alarms
was reduced from 1129 to 1010 pixels; on the other hand,
the number of false aarms decreased from 2424 to 1753
pixels. A better understanding of the results can be achieved
by analyzing of the change-detection maps obtained. In
particular, in Fig. 11 the change-detection map obtained by
exploiting the spatia context is compared with the one
provided by the considered manud trial-and-error approach.
A quadlitative analysis of the two maps confirms that the use
of the spatiad contextua information alowed a more precise
identification of the changed areas and yielded less noisy
results.

6. CONCLUSIONS

In this chapter, different approaches and strategies have
been presented that can be used to anayze/threshold the
difference image in unsupervised change detection in
multitemporal remote-sensing images. In particular, both
heuristic approaches generally adopted in remote-sensing
problems and Bayesian approaches recently poposed by
the authors have been considered. In addition, severa
dtrategies for deriving the decision threshold according to
the Bayesian decision theory have been proposed and
discussed.

The effectiveness of one approach over another depends on
the specific problem considered. Generdly, heuristic tria-
and-error approaches are very simple and do not require the
development of advanced software modules. However, they
exhibit several drawbacks: dependence of change-detection
results on subjective evauation criteria; low reiability;
impossibility of realizing a completely automatic system, due
to the need for the intervention of a human operator.
Concerning automatic heuristic strategies (e.g., methods
based on satisticd models, methods based on the
optimization of an objective function of the sdected
threshold, etc.), athough they overcome some of the
aforementioned drawbacks, their effectiveness depends on
the specific behavior of the histogram of the considered
difference image. In addition, they are suitable for deriving
change-detection maps with the objective of minimizing the
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Fig. 11. Change-detection maps obtained for the data set related to the Peloponnesian peninsula by applying (a) the context -based Bayesia
strategy, (b) the optimal threshold that minimizes the overall change-detection error yielded by a manual trial-and-error procedure.

Table 3. Overall error, false and missed aarms related to the
Peloponnesian peninsula data set. The results obtained by
applying the automatic context-based strategy (context based)
and the minimumerror threshold yielded by a manual trial-and-
error procedure (minimum error) are given.

Fase Missed Ovedl

Alarms Alarms Error
Context based 1010 1753 2763
Minimum error 1129 2424 3553

overdl error, but they are not effective if the objective of
end-users is to minimize the overall change-detection cost or
to perform change detection by imposing congtraints on
false or missed alarms. In addition, their empirica basis does
not dlow one to establish a relation with the theoreticaly
optimal Bayes decision theory.

Bayesian strategies overcome the aforementioned problems
by adopting different ways of defining the objective of
change detection according to end-users' requirements (i.e.,
minimization of the overdl error, minimization of the overal
cogt, congtraints on the number of missed/false alarms). In
addition, they are theoreticdly well-founded. However, the
results obtained by these strategies strongly depend on the
effectiveness of the unsupervised approaches used to
estimate the prior probabilities and the probability density
functions of changed and unchanged classes in the
difference image. For this reason, we recommend both to
accurately select the kind of approach to be used for the
estimation process (i.e, parametric or adaptive semi-
parametric) and to make a careful choice of the parameters
to be given as input to the algorithms [24], [25]. It is worth
noting that, when possible, the use of the parametric
approach isto be preferred, asit requires the estimation of a
smaler number of parameters, thus involving a more robust
and more reliable estimation process. However, when the
formulation of a reasonable assumption (or approximation)

about the distribution of classes n the difference image is
not possible, the adaptive semi-parametric method should be
chosen.

Concerning the Bayesian strategies to be adopted for the
choice of the threshold (i.e. the minimum-error, minimum-
cost, Neyman-Pearson, and the context-based strategy),
they should be sdected on the basis of the available
information in close cooperation with end-users, who well
realize the consequences of each kind of error, and can
therefore give useful suggestions. It is worth noting that, if
changes to be identified are large enough as compared to
the sensor geometrica resolution, we recommend to anayze
the difference image by adopting the proposed spatia-
contextua strategy based on MRFs. In fact, in this case, an
efficient use of the interpixel class dependence context
yields more reliable and more accurate change-detection
results.

As a fina remark, it is important to point out that, in the
cases in which the decision threshold is defined in the design
phase of the system and is then adopted also to analyze new
images of the area considered, the use of the minimax
criterion is recommended. This criterion alows one to avoid
a sharp increase in the global error resulting from significant
changes in the prior probahilities of changed and unchanged
classes over time. In any case, if possble it is more
effective to automaticaly derive the decison threshold for
each new par of images conddered, as the minimax
criterion generadly incurs much higher change-detection
errors than the optimal Bayes rule for the minimum error.
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