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ABSTRACT 
This paper presents a novel adaptive technique for change 
detection in very high geometrical resolution (VHR) 
Synthetic Aperture Radar (SAR) images that exploits 
information theoretical similarity measures for modeling the 
temporal evolution of probability density functions (pdfs). 
Image statistics for characterizing pdfs are adaptively 
estimated on a local basis by exploiting the spatial-context 
information of pixels on small homogeneous regions shared 
by multitemporal images (i.e., multitemporal “parcels”). The 
joint analysis of different orders statistics makes the method 
robust and suitable to the detection of both step changes of 
the backscattering and texture changes. The use of parcels 
allows one to model both complex objects in the 
investigated scene and borders of the changed areas and 
change details. Experimental results confirm the 
effectiveness of the proposed approach. 

Index Terms — Change detection, SAR images, 
segmentation, multitemporal homogeneity, statistical 
similarity measures.
 

1. INTRODUCTION AND BACKGROUND 
In the recent years, in the remote sensing community 
increasing attention has been devoted to change detection in 
SAR images. This is mainly due to the availability of large 
quantities of SAR data acquired by medium resolution SAR 
sensors (e.g., ERS-1 and 2, Envisat ASAR, Radarsat-1). 
Such an attention is further increasing due to the recent 
launch of satellites mounting on board a new generation of 
VHR SAR sensors having metric precision (i.e., Cosmo-
SkyMed and TerraSAR-X satellites). When the Cosmo-
SkyMed constellation will be complete, the four satellites 
will guarantee a revisitation time of few hours. This requires 
having effective automatic change-detection techniques 
capable to analyze pairs of VHR SAR images acquired on 
the same geographical area at different times. 

In the remote sensing literature the most of the change 
detection techniques for SAR images produce change-
detection maps according to a context insensitive analysis 
(only the pixel value is considered after an adequate de-
speckling of the images) of two images acquired on the 
same area at different times. These techniques compute a 

change indicator by comparing multitemporal 
backscattering values according to a mathematical operator 
[either the difference or (log-) ratio operator] and derive the 
final change-detection map by thresholding the change 
indicator [1]. Sometimes context information is included in 
the process by considering the behavior of the patterns in a 
local neighborhood of each pixel, with predefined shape and 
size [2]-[4]. Both approaches, either the context-insensitive 
as well as the context-sensitive, show some limitations in 
properly model the spatial-context information and complex 
changes present in VHR images. Thus change-detection 
maps obtained with these techniques do not achieve a good 
tradeoff between high accuracy in homogeneous areas and 
good preservation of geometrical details. 

In order to overcome the above-mentioned limitations, it 
is necessary to develop advanced context-sensitive change-
detection methods capable to properly exploit the specific 
properties of VHR SAR images and to model the complex 
objects/areas present in the scene. In this paper we propose 
a novel technique that both models the spatial-context 
information of pixels by considering small homogeneous 
regions and extracts information about complex objects 
exploiting information theoretical similarity measures. 

2. ADAPTIVE CHANGE-DETECTION TECHNIQUE 
The proposed adaptive context-sensitive technique is based 
on the following three steps: a) adaptive modeling of the 
geometry of the multitemporal VHR SAR images according 
to the generation of multitemporal parcels [5]; b) definition 
of a parcel-based similarity measure; and c) change-
detection map generation. 

2.1. Adaptive generation of multitemporal parcels
Let X1 and X2 be two co-registered VHR intensity SAR 
images acquired on the same geographical area at time t1
and t2, respectively. Let us address the problem of 
adaptively modeling the neighborhood of pixels according 
to a spatio-temporal segmentation criterion. 

Let H(Z) be the homogeneity predicate and Z the set of 
spatial adjacent pixels involved in the evaluation of the 
homogeneity. The homogeneity predicate H(.) is defined 
considering different spatial, temporal, and backscattering 
attributes (which should be properly selected on the basis of 
the specific segmentation algorithm adopted). Let P(X1,X2)
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be the set of parcels [5] associated to images X1 and X2.
P(X1,X2) is a partition of N disjoint regions ps (i.e., 
P(X1,X2) = {p1, …, pN}), with ps X1 and ps X2, and 
such that s,r = 1,2,…, N:
1. pixels in sp  are connected; 

2. 1 1
1

( )
N

s
s

X p X  and 2 2
1

( )
N

s
s

X p X

3. ps pr=
4. H[X1(ps)]=true AND H[X2(ps)]=true
5. H[X1(ps) X1(pr)]=false OR H[X2(ps) X2(pr)]=false,

s r
where Xi(ps) represents the portion of image Xi (i = 1,2) 
belonging to parcel ps. Conditions (1)-(3) guarantee that all 
pixels in X1 and X2 are distributed into N connected and 
non-overlapping regions. Condition (4) determines the 
homogeneity properties of the parcels in both original 
images (i.e. the geometrical homogeneity in the temporal 
domain) and condition (5) expresses the maximality of each 
parcel (i.e., pairs of adjacent parcels can not be merged 
without relaxing the homogeneity criterion). 

The above-mentioned conditions can be implemented 
according to different segmentation strategies jointly 
applied to the spatio-temporal domain. It is worth noting 
that at an operational level, the multitemporal parcels can be 
derived according to a simplified procedure based on 
standard algorithms used for segmentation of single images. 
In particular, in order to satisfy both the spatial and 
temporal homogeneities it is possible to apply spatial 
segmentation separately to X1 and X2 and to merge the 
segmentation results according to a logic OR operator [5]. 
In other words, the geometric multitemporal homogeneity 
predicate is defined as a logical combination of the spatial 
homogeneity predicates applied to the two acquisitions. 

In this paper we used a region growing algorithm. The 
desired segmentation map is achieved according to the 
following iterative procedure: 

i) define an initial partition of the considered image 
(usually the number of segments at the first iteration is 
equal to the number of pixels in the scene); 

ii) for each pair of adjacent segments ps and pr evaluate 
H[Xi(ps) Xi(pr)]; 

iii) if H[Xi(ps) Xi(pr)] is lower than a given threshold 
value t merge ps and pr otherwise not; 

iv) iterate steps ii) and iii) until no more merges are 
possible, i.e. until no adjacent pairs exist that satisfy 
the homogeneity criterion. 

The use of the described region-growing procedure 
results in a segmentation map that satisfies the maximality 
property as the final regions are the largest possible given t.
Accordingly, even the parcel map obtained by logical OR of 
single date segmentations satisfies this property. 

Concerning the spatial homogeneity predicate, in the 
literature several criteria have been proposed. As we are 
dealing with an approach to change detection in SAR 

images, in order to take into account the multiplicative 
nature of speckle noise that corrupts this kind of data, the 
following homogeneity predicate for the spatial domain is 
adopted [6]: 

[ ( ) ( )] s rs r
i s i r

s r s r

n nH p p
n n

X X  (1) 

where ns and nr, and s and r are the sizes and the mean 
values, respectively, of two regions ps and pr candidate to be 
homogeneous at a given iteration, and s+r is the mean of 
two segments jointly considered. The homogeneity criterion 
in (1) represents a distance measure among segments: the 
lower its value the similar the segments. 

According to the selected value of t different 
segmentation maps (and therefore parcel maps) can be 
obtained that model the information on the objects present 
in the scene at different resolution levels. In particular, the 
higher the value of t the less restrictive the constraint. Thus 
the segmentation process results in larger regions. The 
selection of a proper value of t depends on the specific 
change-detection problem. However, in general it is 
preferable to obtain over segmentation in order to be sure to 
avoid under segmentation. 
2.2. Definition of a parcel-based similarity measure 
In the second step, the two images X1 and X2 (which are 
modeled by multitemporal parcels) are compared in order to 
compute a further image where changes are highlighted. 
Recently in the literature promising statistical similarity 
measures (e.g., Kullback-Leibler Divergence, Normalized 
Information Distance, Mutual Information, Variational 
Information, Mixed Information, etc.) have been 
successfully applied to highlight change information in 
multitemporal medium/high resolution SAR images. In this 
paper, even if other measures could be considered, we focus 
our attention on the Kullback-Leibler (KL) divergence. In 
particular, we evaluate it on the parcel-based representation 
of the intensity images computed as described in the 
previous section. 

The Kullback-Leibler divergence is a measure of the 
distance among statistical distributions and gives an 
indication on the difference between the shapes of two 
probability density functions (pdfs). As the KL divergence is 
computed among pdfs, it is intrinsically independent from 
the number of samples involved in the estimation process of 
the pdfs involved in the comparison. This is an important 
property when performing a parcel-based analysis as the 
size of parcels (and therefore the number of samples used 
for the pdf estimation) may be significantly different in the 
considered partition. 

Let X1(ps) and X2(ps) be two random variables associated 
to the pixels belonging to parcel ps in images X1 and X2,
respectively, and let 

1 ( ) ( )
sX pf x  and 

2 ( ) ( )
sX pf x  be the 

corresponding probability density functions. Then the 
parcel-based KL divergence is defined as: 
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2 1 21 2 ( ) ( ) ( )[ ( )| ( )] log ( ) ( ) ( ) d
s s ss s X p X p X pKL X p X p f x f x f x x  (2) 

In order to perform the comparison of multitemporal 
images according to (2), pdfs should be known. Following 
[3], it is possible to demonstrate that an effective way to 
model in a non parametric way the shape of a statistical 
distribution is to use the infinite Edgeworth series expansion 
truncated at a given order. The approximation of the KL
divergence obtained using the Edgeworth series expansion 
of pdfs truncated to order of four is as follows [7]: 
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is the standardized version of Xi [8] and ;iX n is the 
cumulant of order n of the random variable Xi (i=1,2). It is 
worth noting that cumulants in (3) are evaluated on a parcel 
base. The dependence of cumulants from parcel ps is 
omitted for simplifying the notation. 

The use of the Edgeworth series expansion allows one to 
involve in the comparison step statistics of higher order. 
This results in a higher robustness of the change indicator to 
the presence of speckle noise [7]. Moreover, it allows one to 
better model changes with respect to change indicators 
based only on low order statistics as the mean and the 
variance [7]. This characteristic is particularly suitable when 
dealing with VHR SAR images, where segments are likely 
to cover textured areas. Although here a truncation to an 
order of four is considered, higher order statistics can be 
easily included in the calculation of the KL divergence. 

The parcel-based KL divergence is not symmetric. A 
parcel-based symmetric version of it can be defined as: 

1 2 2 1

1 2 2 1

[ ( )| ( )] [ ( )| ( )]
[ ( )| ( )] [ ( )| ( )]

s s s s

s s s s

D X p X p D X p X p
KL X p X p KL X p X p

 (4) 

As a final remark, observe that a lower bound for the 
size of parcels in P(X1,X2) should be introduced in order to 
guarantee that the estimation of statistical parameters is 
reliable. Under this condition, it is possible to expect that 
the adaptive nature of the proposed measure results in a 
reliable estimation of the shape of pdfs. In addition it 
adequately captures the geometry of the considered 
multitemporal images. 
2.3 Change-detection map generation 
In the last step, the final change-detection map is computed 

by assigning parcels to one class (change, c, or no-change, 
n) according to a thresholding procedure applied to the KL

parcel-based symmetric divergence: 
1 2

1 2

,
,

[ ( ) | ( )]
[ ( ) | ( )]

n s s

c s s

if  Ti, j
if  T

D X p X pM D X p X p  (5) 

In practice if two distributions are different a change is 
assumed to be occurred otherwise the parcel is unchanged. 
The threshold value T can be identified either automatically 
or manually [1],[2]. 

3. EXPERIMENTAL RESULTS 
In order to assess the effectiveness of the proposed 
technique, several experiments were carried out on 
multitemporal SAR images. The considered data set is a 
section made up of 600x600 pixels of two ERS-2 intensity 
medium resolution SAR images acquired in May (Fig. 1.a) 
and September (Fig. 1.b) 1999 on the Cat Tien national park 
in Vietnam. We used medium resolution images to test the 
technique as VHR images were not available at the time of 
experiments. Among the two acquisition dates wide areas 
along the river were interested by flood phenomena. The 
goal of our experiments is to detect these areas. 

We applied the proposed technique to the considered 
data set by considering five different parcel-based 
representations of it obtained for different values of the 
threshold t. Therefore each parcel map contains spatio-
temporal context information at different segmentation 
levels. The results obtained with the proposed technique 
applied to the log-intensity images (Tab. I.a) were compared 
with those obtained according to a standard pixel-based 
procedure (Tab. I.b) (i.e. thresholding of the log-ratio 
image) [1] and to the ones achieved thresholding the 
D[X1(ps)|X2(ps)] computed on a square window with fixed 
size (Tab. I.c). Different window sizes were considered. The 
quantitative results reported in Tab. I were obtained 
according to a manual trial-and-error thresholding 
procedure by comparing the change detection maps with a 
reference map. Such a map was defined manually and is 
made up of 60765 changed pixels and 299235 unchanged 
pixels. 
As can be seen from Tab. I the proposed technique performs 
better than both the standard pixel-based approach and the 
symmetric KL divergence computed over square sliding 
windows. In greater details, with respect to the standard 
pixel-based technique it halves the number of false alarms 
and reduces of one third the number of missed alarms; with 
respect to the case of square windows, it halves false alarms 
and slightly reduces missed alarms. A visual comparison of 
the change detection maps (see Fig. 2) points out that, as 
expected, the proposed technique resulted also in a high 
fidelity in both homogeneous and border regions. In greater 
detail, it shows both a more accurate modeling of 
geometrical details of changes than the best map obtained 
with the fixed size square window method, and a better 
representation of homogeneous area than the pixel-based  
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TABLE I CHANGE DETECTION RESULTS (IN NUMBER OF PIXELS)
OBTAINED BY THRESHOLDING: (a) THE LOG-RATIO IMAGE; (b) THE 

PARCEL-BASED KL DIVERGENCE COMPUTED AT DIFFERENT
SEGMENTATION LEVELS; AND (C) THE KL DIVERGENCE COMPUTED ON 

DIFFERENT SIZES SQUARE WINDOWS

Level False 
alarms 

Missed 
alarms 

Overall 
errors 

Pixel 10393 34119 44512 
(a) 

Parcel 
Level 

False 
alarms 

Missed 
alarms 

Overall 
errors 

1 7023 34671 41694 
2 6830 32546 39376 
3 7244 28773 36017 
4 4670 22112 26782 
5 5462 25108 30570 

(b) 
Window 

size 
False

alarms 
Missed 
alarms 

Total
errors 

5 7669 31572 39241 
9 9728 25504 35232 

13 10748 24067 34815 
17 12704 22949 35653 
21 15005 21907 36912 

(c) 

method. It is worth noting that the mentioned effects are 
more evident by analyzing change-detection maps at full 
resolution. (For space constraints the maps reported in Fig. 
2 are strongly reduced in size).

4. CONCLUSION 
In this paper we presented a technique for change 

detection in VHR SAR images that adaptively models the 
spatio-temporal context of each pixel according to a parcel-
based representation of multitemporal images. The proposed 
technique compares the statistical distribution of pixels 
included in each parcel according to a robust statistical 
similarity measure based on the Kullback-Liebler 
divergence. The proposed method results in change 
detection maps with a high precision in modeling both 
geometrical details and complex objects. According to these 
properties the parcel-based Kullback-Liebler distance 
results intrinsically suitable to the analysis of VHR SAR 
images. Numerical results (at this stage obtained on medium 
resolution SAR images) confirm the effectiveness of the 
proposed approach. 

As future development we plan to extend the 
experimental analysis to new generation VHR SAR images 
acquired by the Cosmo-SkyMed satellite constellation. 
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