
2008 IEEE SENSORS JOURNAL, VOL. 20, NO. 4, FEBRUARY 15, 2020

Building Damage Detection via
Superpixel-Based Belief Fusion

of Space-Borne SAR and
Optical Images

Xiao Jiang , You He, Gang Li , Senior Member, IEEE, Yu Liu , and
Xiao-Ping Zhang , Senior Member, IEEE

Abstract—Space-borne synthetic aperture radar (SAR) and
optical sensors are important tools for buildingdamage detec-
tion. Fusion of SAR and optical images improves detection
performance. However, when the resolutions of the two dif-
ferent kinds of images differ, the performance of the existing
pixel-level fusion methods deteriorates significantly due to
interpolation-induced distortion. To solve this problem, this
paper presents a new superpixel-based belief fusion (SBBF)
model for building damage detection. The superpixels on the
SAR and optical images are identified by the segmentation on
the pre-earthquake optical image to perform the fusion on the
superpixel-level instead of the pixel-level in existing methods.
Then in the fusion stage, different from the commonly used
direct fusion methods that do not consider the reliability in the fusion process, a novel belief fusion method that
employs a basic belief assignment (BBA) to incorporate different reliabilities of superpixels is proposed to improve
the accuracy of building damage detection. For each superpixel, the BBA is assigned based on the influence of noise and
resolutions. The United Nations Operational Satellite Applications Programme (UNOSAT) datasets corresponding to the
2010 Haiti earthquake and the 2011 Tōhoku earthquake, are used to evaluate the performance of the proposed method.
The experimental results show that the proposed method achieves significantly better performance than existing separate
SAR or optical images based methods, and the existing pixel-level fusion methods.

Index Terms— Building damage detection, synthetic aperture radar (SAR), optical remote sensing, superpixel, fusion.

I. INTRODUCTION

REMOTE sensing has become a crucial means of build-
ing damage detection due to its efficiency and reliabil-
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ity [1]. Among all the remote sensing techniques, space-borne
synthetic aperture radar (SAR) and optical sensors are the
most commonly used for building damage detection. SAR is
an active microwave sensor independent of weather condi-
tions [2]–[9]. Optical sensors capture the light reflected by
ground objects with high resolutions and a wide range of
spectra, achieving high accuracy of the detection of damaged
buildings [10]–[12]. However, both SAR and optical sensors
have limitations. SAR images provide less information com-
pared with the optical sensors, and bad weather conditions,
such as rain, clouds and mists, degenerate the capability of
optical sensors [13], [14].

A. Background

Fusion of SAR and optical images can promote their
complementary advantages in building damage detec-
tion [15]–[21], combining all-weather observation with accu-
rate damage detection. A number of methods via fusion of
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SAR and optical images have been proposed. Stramondo et al.
used polynomial warping and the nearest neighbor inter-
polation to superimpose SAR images on optical images
and extracted pixel-level features for damage detection [17].
Chini et al. used a building mask produced by automatic
classification of a pre-earthquake optical image to improve the
damage detection results obtained by SAR data analysis [18].
Tamkuan and Nagai employed the images from ALOS-2 SAR
and Landsat-9 optical sensors to evaluate the building damage
level [19]. The methods in [20], [21] improved the perfor-
mance of damage detection by manually marking the building
locations derived from other sensors.

The above methods perform the fusion of different kinds of
remote sensing images at pixel-level, i.e., the pixel is used as
basic fusion unit. They operate effectively when the resolutions
of the images to be fused are the same or similar. However,
if the resolutions of these images differ, the performance of
the pixel-level fusion methods may deteriorate significantly.
The reason is that when there exists difference of resolutions
between the fused images, image interpolation is essential to
rescale the images and equalize their resolutions for pixel-
level fusion methods. The image interpolation can cause
serious structure distortion when the difference between the
resolutions of the fused images is large [22], leading to the
deterioration of the fusion performance.

Also, in these existing methods, the fusion process is
operated in a direct way. These methods either combine the
features extracted from SAR and optical images directly [17]
or just perform an AND operation between the damage-
detection results [18]. These fusion methods do not consider
the reliability in the fusion process. As a result, the damage
detection based on fusion of the different kinds of images may
be unreliable and inaccurate.

A basic belief assignment (BBA) can measure different
reliabilities of the source data and has been widely used in
image classification [23]–[26]. However, its application on
fusion of SAR and optical images has not been investigated.
The reason is that the influence on the reliability is difficult
to be incorporated in one single pixel when pixels are used as
the basic fusion units.

B. Contributions

In this paper, we present a new superpixel-based belief
fusion (SBBF) model for building damage detection. Super-
pixels are the image segments that group pixels into perceptu-
ally meaningful atomic regions [27]. Compared with pixels,
the shapes and the sizes of superpixels are not restricted,
allowing us to represent ground objects in a flexible and
natural way [28]–[32]. By identifying the superpixels with
the same superpixel segmentation, the superpixels in the two
kinds of images are identified and coregistered. Thus SAR
and optical images with different resolutions can be better
fused on the superpixel-level. As superpixels are used as the
basic fusion units instead of the pixels, image interpolation
is unnecessary and the interpolation-induced distortion is
avoided. Furthermore, compared with one single pixel, the reli-
ability of a superpixel for fusion, depending on the noise and
resolutions [33]–[35], can be derived based on the statistical
properties of its inner pixels. Therefore, a damage degree of

belief of each superpixel can be extracted by assigning a
BBA with suitable reliability coefficients. By incorporating
the reliabilities of different superpixels into fusion process,
the superpixel-based belief fusion can improve the accuracy
of building damage detection.

The proposed method consists of the following key steps.
First, superpixel segmentation is applied on the pre-earthquake
optical images. Then two binary damage-detection maps are
collected by some general methods applied on SAR and optical
images, respectively. Next, the superpixels on the two maps
are identified by the same segmentation derived from the
pre-earthquake optical image to ensure the consistency. For
each superpixel, a damage degree of belief is assigned by
using a BBA to reflect the reliability influenced by noise and
resolutions. Finally, the two BBAs of the superpixels on the
two maps are fused by employing Dempster-Shafer theory
(DST) [37] to produce reliable fusion results of damage-
detection. SAR and optical images of the United Nations
Operational Satellite Applications Programme (UNOSAT)
datasets [36] corresponding to the 2010 Haiti earthquake and
the 2011 Tōhoku earthquake, are adopted to evaluate the
performance of the proposed method. The experimental results
show that the proposed method achieves significantly better
performance than existing separate SAR or optical images
based methods, and pixel-level fusion methods.

Unlike the existing fusion methods [17], [18], which cannot
handle the case when there exists significant difference of res-
olutions between SAR and optical images, the proposed SBBF
method employs superpixels instead of pixels as basic fusion
units to avoid the interpolation–induced distortion caused by
the pixel-level fusion and thus provide a feasible new fusion
framework for building damage detection based on SAR and
optical images with different resolutions. Compared with the
segmented image blocks proposed in the segmentation-based
methods [12] that cannot represent ground objects precisely,
the superpixels utilized in the proposed algorithm are capable
of describing the edges of the ground objects accurately in
both SAR and optical images, as shown in the experiments.
Different from the traditional AND fusion methods [17], [18]
that produce the damage-detection results in an unreliable and
inaccurate way, the new method takes the resolution difference
and noise into account in the formulation of the BBA to
fuse the superpixels in SAR and optical images with different
reliabilities.

The contributions of this paper are summarized as follows:

1) Superpixels are employed as basic fusion units instead
of raw pixels commonly used in existing methods,
mitigating the interpolation-induced distortion caused by
the significant difference of resolutions between SAR
and optical images.

2) Different from the traditional binary AND fusion,
the BBA is utilized for fusion by describing the reli-
abilities based on the resolutions and noise, to improve
the accuracy of building damage detection with reliable
results.

The remainder of this paper is organized as follows. The
fusion damage-detection problem is formulated based on
superpixels and the BBA in Section II. Section III describes
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the details of the proposed new method for building damage
detection. The experimental results are presented in Section IV.
Section V provides concluding remarks.

II. A NEW FUSION MODEL FOR BUILDING

DAMAGE DETECTION

A. Problem Formulation

Four remote sensing images, I S AR
1 , I S AR

2 , I opt
1 , and I opt

2 ,
are available in a given region covered with several buildings.
Among the four images, I S AR

1 and I S AR
2 are the intensity SAR

images obtained by the same space-borne SAR with size of
M1 × N1. I opt

1 and I opt
2 are the optical images acquired by

the same optical sensor with size of M2 × N2. I S AR
1 and I opt

1
are collected before the damage of buildings happens while
I S AR
2 and I opt

2 are after. All the four images are coregistered
with each other, respectively. In general, the resolutions of
the intensity SAR images are much lower than those of the
optical images, as the optical sensors with high resolutions and
medium resolution SAR widely exist in space. The objective of
building damage detection is to find damaged buildings from
these SAR and optical images: I S AR

1 , I S AR
2 , I opt

1 , and I opt
2 . For

convenience, we employ a binary map, named BM, to represent
final detection results where pixel values “1” and “0” indicate
damage and non-damage, respectively.

B. Superpixel-Belief Fusion Model

To detect the building damage from I S AR
1 , I S AR

2 , I opt
1 ,

and I opt
2 , we propose a new fusion framework incorporat-

ing superpixel segmentation with belief fusion, illustrated as
follows:

B M = F(m(s(MS AR)), m(s(Mopt ))) (1)

where MS AR and Mopt are the two binary detection maps
derived from SAR and optical images, respectively, s(·) is the
function of superpixel extraction on MS AR and Mopt , m(·) is
the calculation of the damage belief of superpixels with the
BBA, and F(·) represents the DST fusion and a thresholding
operation on the pairs of corresponding superpixels on MS AR

and Mopt .
In the proposed model (1), by performing superpixel seg-

mentation s(·) on both MS AR and Mopt , the extracted super-
pixels in the two maps are derived with consistency. Suppose
spS AR and spopt are a pair of corresponding superpixels in
MS AR and Mopt , the fusion is then employed on spS AR and
spopt on the superpixel-level instead of pixel-level. Therefore,
the interpolation-induced distortion in the conventional fusion
methods is avoided. On the other hand, by evaluating different
reliabilities influenced by noise and resolutions with the BBA
in m(·), the accuracy of fusion building damage detection can
be improved compared with the binary AND fusion operation
in the conventional methods. The statistics of the included
pixels in the superpixels spS AR and spopt are used to evaluate
the reliability coefficients. The damage degree of belief is then
derived by the BBA for each superpixel on MS AR and Mopt .
With the employment of the DST, the damage degree of belief
of the superpixels on MS AR and Mopt is fused superpixel-to-
superpixel to reflect the reliability of the decision followed by

a thresholding operation to extract the final damage-detection
map BM.

III. THE PROPOSED NEW SUPERPIXEL-BASED BELIEF

FUSION (SBBF) METHOD

A. Motivation

Under different resolutions between SAR and optical
images, image interpolation in traditional methods leads to
inconsistency of pixels between the different kinds of images,
causing severe interpolation-induced distortion.

If the fusion is applied on the superpixel-level, the con-
sistency of superpixels between SAR and optical images
under different resolutions can be ensured, because super-
pixels representing the same ground objects under different
resolutions are consistently identified without any image inter-
polation operation. Furthermore, compared with the binary
AND fusion, the BBA can incorporate different reliabilities
of fused maps or images in the fusion framework. Therefore,
we employ the BBA in the new method to improve the fusion
accuracy.

B. Superpixel Identification Under Different Resolutions

Before achieving the fusion operation F(·), the consistency
of the superpixel identification s(·) in MS AR and Mopt should
be ensured. A reference superpixel segmentation is derived
and applied on both damage-detection maps under different
resolutions. By the same superpixel segmentation, the super-
pixels to be fused under different resolutions can be identified
with consistency.

Fig. 1 shows the details of the superpixel identification.
First, a superpixel segmentation is implemented on a reference
image. Among the four remote sensing images used in the
proposed method, I opt

1 , the pre-earthquake optical image,
is chosen as the reference image for superpixel segmentation
since it keeps most details of ground objects with high
resolution, multiple spectra and intact structures. The simple
linear iterative clustering (SLIC) algorithm [27] is used for
superpixel segmentation due to its efficiency and practicality
with consideration of colors, textures, and local information.
By applying SLIC algorithm on I opt

1 , the ground objects are
represented by the superpixels, as shown in Fig. 2.

Then, the two binary damage-detection maps, MS AR and
Mopt , are derived with the conventional methods. MS AR is
obtained by applying the Markovian random field (MRF)
on the SAR images, I S AR

1 and I S AR
2 . As for Mopt , we

incorporate Gabor texture and image colors with the support
vector machine (SVM) on the optical images, I opt

1 and I opt
2 .

Finally, the superpixel segmentation result derived on I opt
1 is

extended to both MS AR and Mopt for identifying superpixels.
As the resolution of I opt

1 is the same with that of Mopt , the
superpixel segmentation result can be applied on Mopt directly
for superpixel identification. These identified superpixels in
Mopt are denoted by spopt

i , i = 1, 2, . . . , N , where N is
the total number of superpixels in Mopt . On the other hand,
the extension to MS AR is a little more complicate. As there
exists significantly difference of resolutions between MS AR

and I opt
1 , a down-sampling operation is employed on the
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Fig. 1. The superpixel identification on MSAR and Mopt. Here the
brown pixels indicate truly damaged regions. The yellow, red, green, and
cerulean colors represent four superpixels segmented by SLIC algorithm
in Iopt

1 . The blue lines are the boundaries of the superpixels. The symbol
“↔” between the superpixels of MSAR and Mopt indicates their corre-
sponding relationship, which ensures the consistency of the superpixel
identification in the two maps. For simplicity, only four superpixels of each
map are used for illustration.

Fig. 2. The superpixel segmentation applied to a part of the pre-
earthquake optical image Iopt

1 . Here the superpixels represent the ground
objects accurately.

superpixel segmentation result of I opt
1 . The down-sampled

segmentation result of the same resolution with MS AR is
then used for superpixel identification in MS AR . Note that
the down-sampling operation does not cause information loss
for damage detection in the proposed method. As shown in
Fig. 1, the down-sampling/interpolation operation is employed
on the superpixel segmentation result of I opt

1 , which describes

the boundaries of the superpixels. It is not employed on
any original remote sensing image or damage-detection map,
which contains the damage information for detection. As the
superpixels in MS AR and Mopt are both identified based on
the same superpixel segmentation result derived from I opt

1 ,
each identified superpixel in MS AR can find its corresponding
superpixel in Mopt , and vice versa. We denote the identified
superpixels in MS AR by spS AR

j , j = 1, 2, . . . , N (It is obvious
that the number of the identified superpixels in MS AR is
also N). For the same j , j = 1, 2, . . . , N , spopt

j and spS AR
j

refer to the same regions on the ground and can be used as a
pair of corresponding superpixels for fusion on the superpixel-
level instead of the commonly used pixel-level.

In the conventional pixel-level methods, I S AR
1 and I S AR

2 are
rescaled by image interpolation to generate the same resolution
and size of I opt

1 and I opt
2 [17]. Besides, some of these methods

apply the fusion on two detection maps derived from the SAR
and optical images, respectively [18]. When the resolutions
of these images and maps are the same or similar, these
methods work effectively because the interpolation- induced
distortion is negligible. However, if there exists significant
difference of resolutions between SAR and optical images,
the rescaled images and maps, denoted by I S AR′

1 , I S AR′
2 , and

MS AR′ , with the same size M2 × N2 of the optical images,
are severely distorted. Accordingly, the fusion performance
degenerates seriously. Compared with these pixel-level fusion
methods, the proposed method does not involve the image-
interpolation operation. Compared with the segmented image
blocks used in [12], the superpixels describe the edges of the
ground objects more precisely, which improves the accuracy
of damage detection. With the same superpixel segmentation,
the superpixels in Mopt and MS AR are identified with con-
sistency and can be used as basic fusion units under differ-
ent resolutions. Therefore, the interpolation-induced distortion
caused by the significant difference of resolutions is avoided.
The algorithmic procedures of the superpixel identification on
Mopt and MS AR are summarized in Algorithm 1.

C. BBA Computation and Fusion in Superpixels
on the Damage-Detection Maps

Here we follow the commonly used BBA calculation frame-
work [23], [24], to describe the damage degree of belief of
each superpixel derived in MS AR and Mopt . In the proposed
method, BBA works with a framework of discernment set
� = {θd , θu}, where θd and θu denote two exhaustive and
exclusive hypotheses: damage and non-damage, respectively.
The powerset of �, denoted by 2�, consists of all the subsets
of �, i.e., ∅, θd , θu , and �. The BBA is a mapping function
m(·) from the powerset 2� to [0, 1], satisfying the conditions
that

∑
X∈ 2� m(X) = 1 and m (∅) = 0 [37]. With the

measurement of reliabilities in m(·) [25], the BBA efficiently
characterizes and combines the uncertain information from
different sources for decision making [26]. Therefore, it can be
used to indicate the damage degree of belief and fuse MS AR

and Mopt from SAR and optical images.
The BBAs of the superpixels in MS AR and Mopt are

then fused based on the DST, producing the final fusion
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Algorithm 1 Superpixel Identification Procedure
Input:

I S AR
1 − SAR image acquired before the damage; I S AR

2 –
SAR image acquired after the damage; I opt

1 – optical
image acquired before the damage; I opt

2 – optical image
acquired after the damage.

Output:
Superpixels spopt

i , i = 1, 2, . . . , N and spS AR
j ,

j = 1, 2, . . . , N .
Algorithm procedure:

1 Superpixel segmentation: Derive the superpixel
segmentation result on I opt

1 by the SLIC superpixel
segmentation method.
2 Damage-detection maps generation: Create MS AR

from I S AR
1 and I S AR

2 by MRF segmentation; Create
Mopt from I opt

1 and I opt
2 by employing Gabor texture

and image colors extraction with SVM.
3 Superpixel identification onMopt : Identify the
superpixels spopt

i , i = 1, 2, . . . , N by applying the result
derived in step 1 on Mopt .

4 Superpixel identification onMS AR : Down-sample
the result derived in step 1 with the same resolution
of MS AR ; Identify the superpixels spS AR

j , j = 1, 2, . . . , N
by applying the down-sampled result on MS AR .

Fig. 3. Flowchart of the BBA calculation in the superpixels.

damage-detection map BM. To improve the accuracy of build-
ing damage detection, the key point is to evaluate the reliability
coefficients of the BBA influenced by noise and resolutions in
these superpixels. Therefore, the damage-detection maps can
be fused by considering different reliabilities of superpixels.
Besides, the initial BBAs are a necessary part of BBA com-
putation, giving the possibilities of damage and non-damage
in each superpixel. We assume sp is one of these superpixels:
spopt

i , i = 1, 2, . . . , N or spS AR
j , j = 1, 2, . . . , N . As shown

in Fig. 3, we first introduce the calculation of the initial BBAs
and the reliability coefficients in sp and then incorporate
them with the BBA calculation framework to describe the
damage degree of belief. Finally, the DST is employed to fuse
the BBAs of corresponding superpixels in MS AR and Mopt ,
producing the final fusion damage-detection map BM.

Suppose the hypotheses of damage and non-damage be
denoted by θd and θu , respectively. The initial BBAs of the
superpixel sp, indicated by 0msp, are given by:

0msp(X) =
⎧⎨
⎩

nsp(θd)

nsp
, X = θd

1 − 0msp(θd), X = θu

(2)

where nsp(θd) is the number of pixels detected as damage
in the superpixel sp; nsp is the total number of pixels in
the superpixel sp; 0msp(X) is the initial BBA by indicat-
ing the possibilities of damage and non-damage in sp based
on the proportion of the damage pixels detected in MS AR

and Mopt .
Two reliability coefficients are defined by considering the

factors of resolutions and noise to measure the reliabilities of
the damage-detection maps. Inspired by [33], we define the
reliability coefficient related to the resolution as:

ϕsp = e−β·Rsp (3)

where Rsp is the resolution (measured in meters per pixel) of
the damage-detection map containing the superpixel sp, and β
is a constant. Instead of image quality estimation [33], the nor-
malization is employed to evaluate the reliability coefficient
with the range of ϕsp from 0 to 1. As can be seen, a poor
resolution of an image results in a small value of ϕsp, denoting
the low reliability of the damage-detection result. On the
other hand, inspired by [35], [38], we define the reliability
coefficient influenced by noise as:

ζsp = 1 − nu
sp

nsp
(4)

where nu
sp is the number of the unreliable pixels contaminated

by noise. Although we are not able to remove the “unreli-
ability” of the detected unreliable pixels, to directly correct
MS AR and Mopt , the unreliability of these pixels can be used
to derive the reliability coefficients, ζsp, to improve fusion of
MS AR and Mopt , as shown in (4).

To describe the damage degree of belief, we follow the
framework of BBA calculation:

msp(X) =

⎧⎪⎨
⎪⎩

αsp · 0msp(θd), X = θd

αsp · 0msp(θu), X = θu

1 − msp(θd) − msp(θu), X = �

(5)

where msp (θd) and msp (θu) are the BBAs describing the
degree of belief of the two hypotheses, θd and θu , respectively,
msp (�) evaluates the degree of ignorance and indicates the
ambiguity between the two hypotheses by measuring the
influence of the reliabilities of resolutions and noise, and αsp

is the combined reliability coefficient of both the resolutions
and noise. As can be seen in (5), the smaller value of αsp ,
the larger value of msp (�) and the more ambiguous between
θd and θu . If αsp = 0, msp (�) will be 1 that indicates that total
ignorance of the initial BBAs with no reliabilities. When αsp

approaches to 1, msp (�) is close to 0 that means the damage-
detection results in Section III-B is completely reliable. Here
αsp is given by:

αsp = ϕsp · ζsp (6)

Note that αsp describes the influence of resolutions and unre-
liable pixels on the detection reliability of MS AR and Mopt .
It can also avoid the conflict of evidences, i.e., the Zadeh’s
Example [39], as a discounting factor [40].



JIANG et al.: BUILDING DAMAGE DETECTION VIA SBBF OF SPACE-BORNE SAR AND OPTICAL IMAGES 2013

Combining (2), (3), (4), (5) and (6), the damage degree of
belief of the superpixel sp on MS AR and Mopt :

msp(X) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

nsp(θd) · (nsp − nu
sp)

(nsp)2 e−β·Rsp , X = θd

(nsp − nsp(θd)) · (nsp − nu
sp)

(nsp)2 e−β·Rsp , X = θu

1 − nsp − nu
sp

nsp
e−β·Rsp , X = �

(7)

With the damage degree described by the BBAs on every
superpixel in MS AR and Mopt , the fusion process is then
conducted on the two damage-detection maps MS AR and Mopt .
Assume mS AR

sp and mopt
sp are the BBAs derived in one of

pairs of the corresponding superpixels in MS AR and Mopt ,
respectively, by (7). The fusion is achieved based on DST:

m̂sp(X)=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1

1 − K

∑
χ,δ∈2�

χ∩δ=θd

mopt
sp (χ) · mS AR

sp (δ), X = θd

1

1 − K

∑
χ,δ∈2�

χ∩δ=θu

mopt
sp (χ) · mS AR

sp (δ), X = θu

1 − m̂sp(θd) − m̂sp(θu), X = �

(8)

where m̂sp(X) is the fused result derived by combining
mS AR

sp (X) and mopt
sp (X) based on the DST: m̂sp (θd) and

m̂sp (θu) indicate the fused degree of belief of the hypothe-
ses, θd and θu , respectively; m̂sp (�) is the measurement of
ambiguity between θd and θu in the fusion result. Here K is a
measurement of the difference between mS AR

sp and mopt
sp from

MS AR and Mopt , respectively, which is given by:

K = mopt
sp (θd) · mS AR

sp (θu) + mopt
sp (θu) · mS AR

sp (θd) (9)

A thresholding operation [37] is then applied on the fused
BBAs in (8) to produce the final damage-detection map BM.
The operation determines the superpixel sp as damage if the
following conditions are satisfied:⎧⎪⎨

⎪⎩
m̂sp(θd) − m̂sp(θu) > ε1

m̂sp(�) < ε2

m̂sp(θd) > m̂sp(�)

(10)

where ε1 and ε2 are the pre-defined thresholds. After deter-
mination of damage or non-damage of all the superpixels,
the pixels on BM are marked as the same hypothesis with
the superpixel which they belong to. The BBA computation
and fusion process is described by Algorithm 2.

In summary, the flowchart of the proposed superpixel-based
belief fusion (SBBF) method is shown in Fig. 4.

IV. EXPERIMENTAL RESULTS

In this section, the Haiti earthquake on January 12, 2010,
with Mw 7.0 and the 2011 Tōhoku earthquake on
March 11, 2011, with Mw 9.0 are used as the study cases.
Three real datasets, all of which consist of two SAR images
and two optical images, are used to evaluate the performance
of the proposed method. For the first two datasets, the SAR

Algorithm 2 BBA Computation and Fusion Process
Input:

Superpixels spopt
i , i = 1, 2, . . . , N in Mopt and spS AR

j ,
j = 1, 2, . . . , N , in MS AR , referred to as sp if there
is no need for specification in the following.

Output:
Fusion damage-detection map BM.

Algorithm procedure:
1 Initial BBA calculation: Calculate the initial BBA
0msp(X) according to (2).
2 Reliability coefficients calculation: Calculate the
reliability coefficient ϕsp, according to (3); Calculate
the reliability coefficient ζsp , according to (4); Derive
the combined reliability coefficient αsp , according to (6).
3 BBA computation: Compute the BBA msp(X) according
to (7).
4 BBA fusion of superpixels: Fuse the BBAs of
the superpixels in MS AR and Mopt , according to (8).
5 Thresholding: Threshold the fused BBAs and output
the final damage-detection map BM by marking the pixels
with the same hypothesis of the corresponding superpixel
which they belong to.

Fig. 4. Flowchart of the proposed method of building damage detection
via superpixel-based belief fusion.

images were acquired by the COSMO-SkyMed satellite with
the resolution of 6m and the optical images were obtained by
the Quickbird satellite with the resolution of 0.6m. In the third
dataset, the SAR images were collected by the RADARSAT-2
satellite with the resolution of 8m and the optical images
were obtained by the GeoEye-1 satellite with the resolution
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Fig. 5. Coregistered SAR and optical images of the first dataset, with
the sizes of 128 × 128 pixels and 1280 × 1280 pixels, respectively. (a)
Pre-earthquake SAR image; (b) Post-earthquake SAR image; (c) Pre-
earthquake optical image; (d) Post-earthquake optical image.

Fig. 6. Coregistered SAR and optical images of the second dataset,
with the sizes of 64 × 64 pixels and 640 × 640 pixels, respectively. (a)
Pre-earthquake SAR image; (b) Post-earthquake SAR image; (c) Pre-
earthquake optical image; (d) Post-earthquake optical image.

TABLE I
INFORMATION OF THE FIRST TWO DATASETS

USED IN THE EXPERIMENTS

of 0.41m. The difference of the resolutions between SAR and
optical images is significant for all of the three datasets.

The first dataset corresponds to a coastal area in Port-au-
Prince shown in Fig. 5. All of the SAR and optical images are
coregistered by visual selection of the controlling points [17].
Two SAR images, pre- and post-earthquake, are with the size
of 128 × 128 pixels, collected in December 2009 and January
2010, respectively. Two optical images were acquired with the
size of 1280 × 1280 pixels in July 2009 and January 2010,
respectively. In Fig. 5, it is clear that the buildings were
seriously damaged after the earthquake, including broken
bridges, submerged coastline, and a collapsed house.

The second dataset is from an urban area of Port-au-Prince
shown in Fig. 6. Here the acquisition time of the images and
the coregistration method are the same with those of the first
dataset. The SAR images are with the size of 64 × 64 pixels
and the size of the optical images are 640 × 640 pixels.
In Fig. 6(d), the white building in the middle and the building
with red roof at the lower part of the image were severely
damaged. The environment in Fig. 6 is more complex than
that in Fig. 5, increasing the difficulty of damage detection.
The details of the first two datasets are summarized in Table I.

The third dataset corresponds to a coastal area in
Rikuzentakata, destroyed heavily in the 2011 Tōhoku earth-
quake, as shown in Fig. 7. The coregistration method is the

Fig. 7. Coregistered SAR and optical images of the third dataset,
with the sizes of 64 × 64 pixels and 1250 × 1250 pixels, respectively.
(a) Pre-earthquake SAR image; (b) Post-earthquake SAR image; (c) Pre-
earthquake optical image; (d) Post-earthquake optical image.

TABLE II
INFORMATION OF THE THIRD DATASET USED IN THE EXPERIMENTS

same with that of the first two datasets. Two SAR images,
pre- and post-earthquake with the size of 64 × 64 pixels,
were collected in May 2010 and March 2011, respectively.
Two optical images were obtained with the size of 1250 ×
1250 pixels in September 2009 and March 2011, respectively.
It is evident that the buildings near the coast were damaged
terribly in Fig. 7(d). Table II illustrates the information of the
third dataset.

The ground truths of the three datasets are all based on
the integration of the UNOSAT damage assessment [36] with
the prior information of manual image interpretation, shown
in the experiments later.

In our experiments, we compare the proposed method with
five other methods in terms of the performance of building
damage detection. We also test a method of combining the
proposed superpixel identification and the binary AND fusion,
which is named SBAF, to illustrate the separate effect of BBA
fusion. Compared with the proposed SBBF method, the SBAF
method fuses the superpixels without the belief fusion and can
be used to validate the effects of the procedures of superpixel
identification and belief fusion accurately. Among the five
methods for comparison, two of them use only one sensor to
detect the damaged buildings: One is the MRF method applied
on the pre- and post-earthquake SAR images (MRF_SAR) [3];
The other is the SVM method with texture analysis performed
on the pre- and post-earthquake optical images (SVM_OPT).
Their results are also used as the binary damage-detection
maps MS AR and Mopt in the proposed method. Two oth-
ers [17], [18] are the pixel-level fusion methods (PLF1 and
PLF2) of using all the SAR and optical images. The last
one is a fusion method based on image segmentation with
watershed [12] (WBF).

The quantitative evaluations of the above seven methods are
carried out by following the criteria in [41]. First, the overall
accuracy (OA) is calculated by: OA = T P+T N

T P+T N+F P+F N ,
where TP and TN are true positives and true negatives, which
are represented by the numbers of pixels detected as the
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Fig. 8. Relationship between the damage-detection results (OA and
Cohen’s Kappa) and β. (a) First dataset; (b) Second dataset; (c) Third
dataset.

damage and non-damage correctly, respectively; FP and FN
are false positives and false negatives, respectively, Second,
Cohen’s Kappa is employed to measure the accuracy of inter-
rater reliability: Cohen′s K appa = O A−Pe

1−Pe
, where Pe is the

hypothetical probability of random agreements [42]. Cohen’s
Kappa is capable of measuring the damage-detection results
even if the distributions of the categories are imbalance.

In what follows, we first analyze the influence of the
related parameters on the accuracy of building damage detec-
tion of the proposed SBBF method, such as β, ε1, and ε2.
Then, the proposed method is compared with several building
damage detection methods on three datasets.

A. Parameters Setting

The influence of the parameters β, ε1 and ε2 on the
experimental results is analyzed in Figs. 8 and 9 for deriving
the most suitable values for experiments.

1) Effect of Parameter β: In the proposed method, the value
of β is related to the influence of resolutions on the reliability
coefficients for fusion of SAR and optical images. We set the
parameter β to range from 0 to 5 continuously and obtain
the corresponding damage-detection results. A too small β is
insufficient to describe the effect of different resolutions on the
reliability coefficients for fusion. If β is too large, the influence
of the resolution difference will be overemphasized. The
values of OA and Cohen’s Kappa versus varying values of β
are shown in Fig. 8. It is clear from Fig. 8 that the empirical
value of β can be set to be around 0.12.

Fig. 9. Relationship between the damage-detection results (OA and
Cohen’s Kappa) and ε1. (a) First dataset; (b) Second dataset; (c) Third
dataset.

2) Effects of Parameters ε1 and ε2: In our experiments, ε1
and ε2 are used as the thresholds to determine whether the
fused superpixels are damage or non-damage. The parameter
ε1 decides the strictness of detection of damage or non-damage
that ranges in [0, 1]. If the value of ε1 approaches to 0,
the restriction of the first inequality in (10) will become loose
with massive false alarms. When ε1 is close to 1, the strictness
of the first inequality in (10) will be enhanced and many
missed targets will be brought in. The values of OA and
Cohen’s Kappa versus varying values of ε1 are shown in Fig. 9,
suggesting ε1 = 0.3 as a satisfactory setting. The parameter
ε2, ranging from 0 to 1, determines the ambiguity between
damage and non-damage of the fused superpixels. It is set to
be not greater than 0.5 because the sum of the degree of belief
of certain hypothesis (i.e., damage or non-damage) should be
larger than the ambiguity between them. As the value of ε2
approaches to 0, the constraint of the second inequality in (10)
will become strict. In the following experiments with three
datasets, ε2 is empirically set to be 0.5 as a relatively weak
constraint.

B. Results on the First Dataset of the
Coastal Area in Port-au-Prince

The results of building damage detection, corresponding
to the first dataset, are shown in Figs. 10, 11, and 12.
Fig. 10 shows the damage-detection maps from SAR and
optical images (i.e., MS AR and Mopt ) used for fusion in the
proposed method. The proposed superpixel identification is
illustrated in Fig. 11. To validate the effectiveness of the
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Fig. 10. Damage-detection maps from the SAR and the optical images
of the first dataset, used as MSAR and Mopt in the proposed method
respectively. (a) MSAR: the map from SAR images with the same size of
128 × 128 pixels; (b) Mopt: the map from optical images with the same
size of 1280 × 1280 pixels.

proposed method, the results are compared in Fig. 12 with
other methods.

Fig. 10 presents the results by only using the SAR images
and optical images, respectively. Some changes that are not
caused by damage but by other natural and artificial factors
exist in Fig 10(a) and (b). The examples can be found in
the upper-right part of Fig. 10(a) caused by surface change
and in the lower-left part of Fig. 10(b) obscured by clouds
and mists. Therefore, it is necessary to fuse the two maps
Fig. 10(a) and (b) to achieve a more reliable and accurate
result.

The results of superpixel identification are shown in Fig. 11.
Fig. 11(a) gives the superpixel extraction in the pre-earthquake
optical image. The superpixels are described with a flexible
and natural representation with clear edges between different
objects. By applying the same superpixel segmentation in
Fig. 11(b) and (c), the superpixels in the two maps are identi-
fied with consistency. A superpixels in Fig. 11(b) can find its
corresponding superpixel that refers to the same ground object
in Fig. 11(c), and vice versa. Accordingly, these superpixels
can be used for fusion instead of pixels. No image interpolation
is used here and thus the interpolation-induced distortion is
avoided.

The proposed SBBF method is compared with other six
methods in Fig. 12. Different from Fig. 12(a) and (b), the pro-
posed SBBF method applies the fusion on SAR and optical
images. The errors caused by the speckle noise of SAR images
in Fig. 12(a) and the clouds in Fig. 12(b) are eliminated in
Fig. 12(g).

Compared with Fig. 12(c) and (d), the superpixel replaces
the pixel as the basic fusion unit while the BBAs are used for
fusion instead of the binary AND fusion in the proposed SBBF
method. As PLF1 and PLF2 in Fig. 12(c) and (d) employ
the image interpolation to equalize the significantly different
resolutions of these images and maps, severe distortion in the
rescaled SAR images is induced, weakening their advantages
in the fusion process. Many false alarms caused by the clouds
and mists in the optical images are not eliminated in the
fusion of SAR and optical images in Fig. 12(c) with red color.
Besides, the false alarms of small sizes widely exist in the
upper-right and lower-right parts of the result. In Fig. 12(d),

Fig. 11. Superpixel identification on MSAR and Mopt of the first dataset
under different resolutions. To demonstrate the results clearly, small parts
in the same position of MSAR and Mopt are highlighted. The patches in
the right correspond to the square zones encircled by the red boxes in the
left. (a) Superpixel segmentation in the pre-earthquake optical image with
the size of 1280×1280 pixels; (b) Superpixel identification on MSAR with
the size of 128×128 pixels; (c) Superpixel identification on Mopt with the
size of 1280×1280 pixels. With the same superpixel segmentation in (a),
the superpixels in (b) and (c) under different resolutions are extracted with
consistency and can be used for fusion.

the fused result holds back many false alarms and produces
missed targets coming from the SAR images. Most of these
problems are well solved in Fig. 12(f) and (g). In Fig. 12(f),
by applying superpixels as basic fusion units, most false
alarms and missed targets caused by the pixel-level fusion
are eliminated because the interpolation- induced distortion
is avoided. On the other hand, an unremarkable collapsed
house is clearly detected by the new SBBF method while it is
covered with many false alarms by other methods as show in
Fig. 12(a), (b), (c), and (d).

Fig. 12(e) corresponds to the result of fusion of the image
blocks segmented by WBF. These image blocks are extracted
only by the grayscale of images without color, texture, and
local information. Therefore, these blocks cannot describe
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Fig. 12. Comparisons of the damage-detection results/error maps based
on the first dataset. Here green color indicates the correct detection of
damaged buildings, red color implies the areas of false alarms, blue color
represents the areas of missed targets, and black color illustrates the
undamaged regions that are correctly detected. The results are achieved
by (a) MRF_SAR; (b) SVM_OPT; (c) PLF1; (d) PLF2; (e) WBF; (f) SBAF
(without the BBA); (g) SBBF (with the BBA); (h) Ground truth. The
difference between SBAF and SBBF is that SBBF uses the proposed
BBA belief fusion while SBAF only uses a binary AND fusion instead.

ground objects as precisely as superpixels. As can be seen
from Fig. 12(e), there are massive false alarms and missed
targets around the damaged buildings. It is because there exists
large difference between the extracted image blocks and real

TABLE III
COMPARISONS OF THE DAMAGE DETECTION METHODS BASE

ON THE FIRST DATASET (%)

ground objects. With the precise descriptions of ground objects
by superpixels, the regions of the damaged buildings are well
detected and the false alarms and missed targets are eliminated
notably in Fig. 12(g).

Compared with Fig. 12(f), the BBA is used for fusion
instead of the binary AND fusion operation in the proposed
SBBF method. As the binary AND fusion ignores different
reliabilities of fused superpixels, several parts of the damaged
buildings are missed in Fig. 12(f). By representing different
reliabilities of the superpixels in the BBA fusion framework,
the missed parts of the damaged buildings due to the ignorance
of reliabilities of fusion are clearly detected in Fig. 12(g).

By employing the proposed superpixel identification and
belief fusion, the damaged buildings are well detected and
most of the false alarms and missed targets are eliminated,
validating the effectiveness of the proposed method.

Apart from the visual comparisons, the results of the above
methods are also compared in terms of quantitative evalua-
tions. The values of OA and Cohen’s Kappa produced by
these methods are listed in Table III. Compared with five other
methods, both the SBAF method and the proposed new SBBF
method employ the superpixel identification, performing much
better on OA and Cohen’s Kappa. The reason is that the
interpolation-induced errors are avoided as the superpixels are
utilized as the basic fusion units instead of pixels and image
blocks. With the proposed belief fusion operation considering
different reliabilities of superpixels with the BBA, the damage-
detection result derived by SBBF is much more accurate than
SBAF, which only uses the binary AND fusion. This presents
a large increase in Cohen’s Kappa. The increase in OA is
relatively small because of the low proportion of the regions
of damaged buildings in the whole image. It is worth noting
that compared with the methods only using SAR or optical
images, the performance of the PLF1 and PLF2 is imperfect
with a little increase or even some decline in OA and Cohen’s
Kappa because there exists significant difference of resolutions
between the SAR and optical images. It causes serious image
distortion by the image interpolation that is applied in the
pixel-level methods.

C. Results on the Second Dataset of a Part
of Urban Areas in Port-au-Prince

Different from the first dataset, the background of the sec-
ond dataset is more complicated due to the dense buildings.
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Fig. 13. Two damage-detection maps MSAR and Mopt of the second
dataset from SAR and optical images, respectively. (a) MSAR: the map
from SAR images with the same size of 64×64 pixels; (b) Mopt: the map
from optical images with the same size of 640 × 640 pixels.

The damage-detection maps are derived from SAR and optical
images for the proposed SBBF method in Fig. 13.

Similar to the first dataset, the extracted superpixels of the
two damage-detection maps under different resolutions are
identified with consistency in Fig. 14.

The comparisons between the proposed method and other
methods is demonstrated in Fig. 15. Similar to the first
dataset, the errors due to the separate use of SAR or optical
images widely exist in Fig. 15(a) and (b). The complexity
of the background causes an aggravation of this condition.
By applying the fusion of SAR and optical images in the pro-
posed SBBF method, most errors are eliminated in Fig. 15(f),
demonstrating the effectiveness of the fusion. Compared with
Fig. 15(c) and (d), the proposed SBBF method uses the
superpixel-based belief fusion instead of the raw pixel-based
binary AND fusion. In Fig. 15(c), the detected edges of the
damaged buildings are significantly different from the ground
truth displayed in Fig. 15(g). Several false alarms also exist
in the left part of Fig. 15(c). In Fig. 15(d), two damaged
buildings are detected with massive false alarms and missed
targets. The errors in Fig. 15(c) and (d) are caused by the pixel-
level fusion, similar to the first dataset. While two damaged
buildings are detected by the watershed method based on the
image block fusion in Fig. 15(e), many false alarms and missed
targets spread around the edges of the damaged buildings.
In Fig. 15(f), most of the false alarms and missed targets
existing in Fig. 15(c), (d), and (e) are eliminated and the edges
of the detected buildings are highly consistent with the ground
truth. With the superpixel identification and the belief fusion
based on the BBA, the proposed SBBF method achieves a
better fusion result compared with other methods.

The quantitative evaluations of these six methods are also
compared in Table IV, including OA and Cohen’s Kappa. OA
and Cohen’s Kappa of the proposed SBBF method are 98.10%
and 78.12%, respectively. Both of them are higher than those
of five other methods, demonstrating the superiority of the
proposed method despite of the complexity of the background.
The performance of PLF1, PLF2, and WBF is unsatisfactory.
Similar to the discussions of the first dataset, the image distor-
tion caused by the significant difference of resolutions between
SAR and optical images and the inaccurate descriptions of
ground objects are the main reasons. Furthermore, the fusion

Fig. 14. Superpixel identification on MSAR and Mopt of the second
dataset under different resolutions. Similar to the first dataset, small parts
in the same position of MSAR and Mopt are highlighted. The patches in
the right correspond to the square zones encircled by the red boxes in
the left. (a) Superpixel segmentation in the pre-earthquake optical image
with the size of 640 × 640 pixels; (b) Superpixel identification on MSAR
with the size of 64×64 pixels; (c) Superpixel identification on Mopt with the
size of 640 × 640 pixels. With the same superpixel segmentation in (a),
the superpixels in (b) and (c) under different resolutions are extracted
with consistency and can be used for fusion.

without the consideration of different reliabilities in these
pixel-level fusion methods also plays a negative role. The
images or maps to be fused are treated equally in the fusion
process that introduces unreliable results.

D. Results on the Third Dataset of the Coastal
Area in Rikuzentakata

The results of the third dataset are shown in Figs. 16 and 17.
Different from the first two datasets, the SAR and opti-
cal images were collected by RADARSAT-2 and GeoEye-1,
respectively. The difference of resolutions between SAR and
optical images is still large, as shown in Table II. The damage-
detection maps are derived from SAR and optical images for
the proposed SBBF method in Fig. 16.
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Fig. 15. Comparisons of the damage-detection results/error maps based
on the second dataset. The meanings of colors are the same with Fig. 12.
The error maps are achieved by (a) MRF_SAR; (b) SVM_OPT; (c) PLF1;
(d) PLF2; (e) WBF; (f) SBBF; (g) Ground truth.

Fig. 17 demonstrates the comparisons between the pro-
posed SBBF method and other five methods. Compared with
Fig. 17(a) and (b), the proposed SBBF method uses the
fusion to eliminate the errors caused by separate utilization
of SAR and optical sensors. In Fig. 17(a), massive false
alarms caused by the dirt covering on the roads exist in the
lower-left. Several errors are found around the real damaged
buildings in Fig. 17(b) due to the similarities of colors and

TABLE IV
COMPARISONS OF THE DAMAGE DETECTION METHODS

BASED ON THE SECOND DATASET (%)

Fig. 16. Two damage-detection maps MSAR and Mopt of the third dataset
from SAR and optical images, respectively. (a) MSAR: the map from SAR
images with the same size of 64×64 pixels; (b) Mopt: the map from optical
images with the same size of 1250 × 1250 pixels.

TABLE V
COMPARISONS OF THE DAMAGE DETECTION METHODS

BASED ON THE THIRD DATASET (%)

textures between damaged buildings and roads. By fusion of
SAR and optical images, most of these errors are reduced in
Fig. 17(f). Compared with Fig. 17(c) and (d), the proposed
method fuses SAR and optical images at the superpixel-level
instead of pixel-level. In Fig. 17(c), many false alarms of
small sizes distribute in the lower-left and surround the real
damaged buildings. In Fig. 17(d), the damaged buildings are
not well detected with massive missed targets. Numerous false
alarms still remain. The above errors are almost eliminated in
Fig. 17(f) by the proposed SBBF method because of sufficient
consideration of different reliabilities of the superpixel-level
fusion. Compared with Fig. 17(e), superpixels are employed
as the basic fusion units instead of the image blocks segmented
by WBF. In Fig. 17(e), although the missed targets are
eliminated notably, the inaccurate detection of the edges leads
to a great many false alarms around the damaged buildings.
It is because the image blocks segmented by the watershed
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Fig. 17. Comparisons of the damage-detection results/error maps
based on the third dataset. The meanings of colors are the same
with Figs. 12 and 15. The results are achieved by (a) MRF_SAR;
(b) SVM_OPT; (c) PLF1; (d) PLF2; (e) WBF; (f) SBBF (g) Ground truth.

algorithm cannot represent the ground objects precisely. This
situation is significantly improved in Fig. 17(f) by employing
superpixels as the basic fusion units.

As shown in Fig. 17(f), the proposed SBBF method still
achieves a better fusion result compared with other methods.

In Table V, we still compare OA and Cohen’s Kappa
of these six methods. Here OA and Cohen’s Kappa of the
proposed SBBF method are 98.55% and 77.67%, respectively,
both higher than those of five other methods. It demonstrates

not only the superiority of the proposed method but also the
robustness to different sensors. Similar to the discussions of
the first two datasets, the image distortion and inappropriate
representations of ground objects are the reasons of the unsat-
isfactory performance of PLF1, PLF2, and WBF.

V. CONCLUSION

In this paper, we present a new method, namely SBBF,
for building damage detection via superpixel-based belief
fusion of space-borne SAR and optical images. Different from
existing pixel-level and segmentation-based fusion methods,
the proposed SBBF method can effectively detect the damaged
buildings even when there exists significant difference of
resolutions between the SAR and optical images. By using
superpixels as basic fusion units instead of pixels, the new
method avoids the errors brought by the image-interpolation
of pixel-level methods and detects the edges and shapes of
ground objects with more precise representations than the
conventional segmentation-based methods. Furthermore, with
the BBA fusion framework incorporating different reliabilities
of the superpixels in the fusion process, the accuracy of dam-
age detection is significantly improved with reliable results,
compared with the traditional binary AND fusion methods.

In the proposed SBBF method, superpixel segmentation is
applied on the optical image acquired before the building dam-
age happens. Damage detection is implemented on SAR and
optical images, respectively, to obtain two damage-detection
maps. Next, superpixels on the two maps are identified by
the same segmentation derived in the pre-earthquake optical
image to ensure the consistency. For each superpixel, a damage
degree of belief is assigned by using a basic belief assignment
(BBA) to reflect different reliabilities based on noise and
resolutions. Finally, the BBAs of the superpixels on the two
damage-detection maps are fused by employing Dempster-
Shafer theory (DST) to incorporate different reliabilities. The
experimental results show that the proposed new method
eliminates most errors induced by the existing pixel-level
binary AND fusion methods and performs well even when
there exists significant difference of resolutions between SAR
and optical images. Furthermore, compared with the methods
only using either SAR or optical images and existing pixel-
level fusion methods, the new SBBF method achieves superior
overall accuracy and Cohen’s Kappa.
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