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Abstract: Remote sensing, particularly using synthetic aperture radar (SAR) systems, can be an
effective tool in detecting and assessing the area and amount of building damages caused by
earthquake or tsunami. Several studies have provided experimental evidence for the importance of
polarimetric SAR observations in building damage detection and assessment, particularly caused
by a tsunami. This study aims to evaluate the practical applicability of the polarimetric SAR
observations to building damage caused by the direct ground-shaking of an earthquake. The urban
areas heavily damaged by the 2016 Kumamoto earthquake in Japan have been investigated by using
the polarimetric PALSAR-2 data acquired in pre- and post-earthquake conditions. Several polarimetric
change detection approaches, such as the changes of polarimetric scattering powers, the matrix
dissimilarity measures, and changes of the radar scattering mechanisms, were examined. Optimal
damage indicators in the presence of significant natural changes, and a novel change detection
method by the fuzzy-based fusion of polarimetric damage indicators are proposed. The accuracy
analysis results show that the proposed automatic classification method can successfully detect the
selected damaged areas with a detection rate of 90.9% and false-alarm rate of 1.3%.

Keywords: earthquake; building damage; synthetic aperture radar (SAR); radar polarimetry;
microwave scattering mechanism; change detection

1. Introduction

Earthquakes are one of the major natural disasters. The direct ground-shaking and secondary
effects, e.g., tsunami, can cause numerous structural failures in urban areas, resulting in human fatalities.
After earthquake or tsunami disasters, it is important to quickly ascertain the area and amount of
building damage. Remote sensing, using satellite images, can be an effective tool in monitoring damage
over a wide area. Particularly for rapid damage detection, synthetic aperture radar (SAR) systems can
provide timely and reliable data suitable for monitoring disasters.

The SAR-based detection of building damages caused by earthquake and tsunami has been
studied mainly by the change detection method using single-polarization multitemporal SAR images
acquired at pre- and post-disaster conditions. Matsuoka and Yamazaki [1] analyzed changes in the
backscattering coefficients and intensity correlation using ERS SAR data for detecting building damages
caused by the 1995 Kobe earthquake. By combining the two parameters, the damage discriminant
index was proposed to highlight building-damaged areas. It was further refined and applied to the
2003 Bam earthquake [2], the 2004 Niigata earthquake [3], and the 2016 Kumamoto earthquake [4].
The damage indices derived from the intensity difference and the intensity correlation agreed well with
the in situ data but showed significant variances in both target and background areas. An improvement
of the damage augmentation was proposed in [5] by using additional pre-seismic intensity correlation
in the change detection. The difference between the co-seismic and pre-seismic intensity correlations
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corresponded well to the collapse ration in the case of the 2003 Bam earthquake. In [6], the sensitivities
of the normalized intensity difference and the intensity correlation to damage grades were evaluated
using the high-resolution TerraSAR-X and Cosmo-SkyMed data. The experiments for the 2010 Haiti
earthquake showed that the normalized intensity difference provided better correlation with damage
grades. It was also pointed out that the sensitivity of SAR parameters to damage grades can be
significantly affected by the temporal baseline between the pre-and post-earthquake acquisitions.

In order to improve the detectability of building damages, several recent studies focused on the
use of polarimetric scattering information. Park et al. [7] analyzed various polarimetric parameters
of ALOS PALSAR data and proposed an unsupervised detection method for tsunami-flooded areas
and swept urban areas caused by the 2011 Tohoku earthquake. The experimental results showed
that the polarimetric depolarization indicators such as the polarimetric coherence and the entropy
provided significant improvement of detection accuracy as compared with the single-polarization
intensity. In the case of mapping swept urban areas, the polarimetric similarity parameter provided the
best detection performance, with an overall accuracy of about 89%. For the same Tohoku earthquake,
Chen and Sato [8], and Chen et al. [9] studied the possibility of estimating the level of building damages
caused by tsunami using the multitemporal PALSAR data. Changes in the polarimetric double-bounce
scattering power were found to be an effective index to indicate the damage level.

Previous studies have provided experimental evidence for the importance of polarimetric SAR
observations in building-damage detection and assessment. However, these studies were conducted on
tsunami damages, which are relatively infrequent, and the damage patterns may differ from the building
damages caused by typical land earthquakes. This study aims to evaluate the practical applicability of
the polarimetric SAR observations to building damages caused by direct ground-shaking. In this study,
various polarimetric change detection approaches are examined, and an effective detection method
for mapping the building damaged areas is proposed. The heavily damaged urban areas by the 2016
Kumamoto earthquake in Japan were investigated by using the polarimetric PALSAR-2 data acquired
in pre- and post-earthquake conditions. This paper is organized as follows. In Section 2, the study area
and a description of the acquired SAR data used for this paper are discussed. Different polarimetric
change detection methods are examined in Section 3. The unsupervised detection method to classify
building-damaged areas and the accuracy analysis results are presented in Section 4. Discussion on the
detection results in relation to the previous studies and the survey data are given in Section 5, and
summaries and concluding remarks are presented in Section 6.

2. Study Area and Data Set

The study site is the Mashiki town in the Kumamoto area (white rectangle in Figure 1). This area
was among the most seriously affected by a series of earthquakes that occurred in Kumamoto, Kyushu
Island, Japan on 14 April (foreshock, Mw 6.2.) and April 16 (mainshock, Mw 7.0.), 2016. The intense
seismicity of the earthquakes was distributed along the active Futagawa fault (red dashed line in
Figure 1a) running through the study site [10]. The field survey reported that more than 7000 buildings
in this area were severely damaged due to intensive ground-shakings [11]. In order to detect the
damaged buildings by the earthquakes, two temporal PALSAR-2 data sets, obtained five days after
(21 April 2016) the mainshock and four months before (3 December 2015) the earthquakes, were
acquired in this study. Both data sets were obtained in fully polarimetric mode in ascending orbit
with the off-nadir angle of 30.8°, and the nominal ground-range and azimuth resolutions of 5.1 m and
4.3 m, respectively.

Figure 1b,c show the POLSAR data obtained under pre- and post-earthquake conditions of the
main study area. Both data used in the study have the same acquisition geometry, and therefore changes
in the data are directly related to the changes that occurred to the ground scatterers. By inspecting
Google Earth’s historical satellite imagery, four regions of interest (S1 to 54 in Figure 1c) were manually
selected to evaluate the earthquake-induced changes in the building areas and other natural scatterers.
The selected regions of interest consist of collapsed buildings (S1), intact buildings (S2), intact croplands
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(S3), and intact forests (54). The two images were coregistered and geocoded before analysis. In addition,
polarimetric speckle filtering using the IDAN filter [12] was applied to reduce speckle effects.
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Figure 1. (a) ALOS-2 PALSAR-2 data coverage (yellow rectangle) and location of the Mashiki Town
study area (white rectangle) marked on the Google Earth, and PALSAR-2 images (red: HH; green: HV;
blue: VV) of the study area acquired (b) before (3 December 2015) and (c) after (21 April 2016) the
earthquake. Locations of the foreshock and mainshock of the 2016 Kumamoto earthquake are also
marked in (a). The red dashed line in (a) illustrates the approximated location of the Futagawa fault
where the major damages are distributed. Four regions of interest (S1: collapsed buildings; S2: intact

buildings; S3: intact croplands; and S4: intact forests) are indicated in (c).

3. Comparison of Pre- and Post-POLSAR Observables

The incidence wave of the POLSAR system has both horizontal (H) and vertical (V) polarization
components. Each resolution cell of the POLSAR data is represented by a 2 X 2 complex scattering

matrix [S], such as
= EL 1 e [ EL
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The elements in the complex scattering matrix depend on the geometric and dielectric properties
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of scatterers. In this section, we will discuss how to emphasize building-damaged areas from changes
in the POLSAR data obtained under pre- and post-earthquake conditions.

3.1. Scattering Power Chnages

One of the fundamental SAR observables describing the scattering characteristics of the object
is the scattering power or scattering coefficient, such as Ggq = <Spq5;q> with p,q = H or V. Then, the
temporal change of the scattering power at pg-polarization channel can be obtained by the log ratio,
such as

0 * *
AdS, =10 1og10(ququ>post -10 1og10(ququ>p,e. @)

In the monostatic backscattering case, when Spy = Sy by the scattering reciprocity, we have
two co-polarization differences (AG%H and AU%V) and one cross-polarization difference (Ao%v) to
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characterize possible changes in the ground scatterers. Figure 2 shows the histogram of AG%H, AG%V,
and Ao%v for the selected regions of interest. The HH power is slightly reduced by the collapse
of buildings and the VV power is slightly increased. However, it can be seen that AO'?{H and AU%V
in the damaged areas are not distinct compared to other natural changes, particularly in croplands.
The scattering power changes in intact areas are more noticeable in the cross-polarization channel, and

therefore it is difficult to highlight the damaged areas using AG?{V.
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Figure 2. Histograms of scattering power changes in (a) HH-, (b) VV-, and (c¢) HV-polarization channels.

The scattering matrix observation allows the characterization of scatterers not only for the H
and V polarization states but also for any polarization basis through a unitary transformation [13].
Therefore, we can exploit backscattering intensities for different combinations of transmit/receive
polarization states, named the polarization synthesis [14], which can better distinguish damaged
areas. The polarization states of a wave can be characterized by the orientation ¢ € [-90°,90°] and
the ellipticity 7 € [-45°,45°] angles. The ellipticity angle T = 0° corresponds to linear polarization
states (e.g., H-polarization with ¢ = 0° and V-polarization with ¢ = 90°). The ellipticity of T = +45°
and T = —45° correspond to left circular (L) and right circular (R) polarization states, respectively.
The polarization response plot [14] represents variation in scattering powers as a function of the
orientation and ellipticity angles of the transmitted wave. Among the possible selection of the receiver
polarization, co-polarization configuration, i.e., the transmitting and receiving antennas have the
same polarization state, was considered in this study. Based on the scattering matrix observation, the
co-polarization response ¢° (¢, 7) can defined by [13]:

(¢, 7) = (TSI ®)

. jé 1

= —[ ] 4
V1+ppl P @)

where, p = (tan¢ + jtant)/(1 - jtan¢tant) and & = —tan™! (tan ¢ tan 7).

Figure 3 shows averaged ¢°(¢,7) obtained at pre- and post-earthquake conditions for
building-damaged areas. The 0°(¢, 7) at the pre-earthquake condition shows two minimum values at
linear polarization oriented at +45° (+45°-linear) and maximum value at H polarization states. After the
earthquake, the co-polarization response is changed, and the magnitude of scattering power changes
can vary depending on the polarization states. According to the changes of co-polarization response
Ad® (¢, T) shown in Figure 3¢, the maximum increase and decrease of co-polarization response can be
obtained at +45°-linear and circular polarization states, respectively. Figure 4 shows the histogram
of Ac® at +45°-linear polarization states, and left and right circular polarization states for all selected
regions of interest. It is seen that scattering power changes represented at +45°-linear and circular
polarization states can better separate collapsed buildings from other natural changes than the H-V
basis cases shown in Figure 2.



Remote Sens. 2020, 12, 137 50f19

3 2 1 0 1 2 3
90 90 s
I |
I |
60 60 60 m
30 30 < 39 ==
c c c
5 ] S S
5 0 | | 5 0 5 0
o [l [
5] ® k]
5-30 5-30 5-30 S5
60 60 -60 ===
T
T
-90 90 -90 =
45 30 15 0 15 30 45 45 30 15 0 15 30 45 45 30 15 0 15 30 45
Ellipticity (<) Ellipticity (<) Ellipticity ()
(a) (b) (c)

Figure 3. Co-polarization response plots for building-damaged areas at (a) pre- and (b) post-earthquake
conditions, and (c) difference between polarization responses.
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Figure 4. Histograms of scattering power changes at (a) +45°-linear, (b) —45°-linear, (c) left circular,
and (d) right circular polarization states.

3.2. Matrix Dissimilarity Measure

Changes in the POLSAR data between pre- and post-earthquake conditions can be also examined
by measuring dissimilarity between the two polarimetric observation matrices. Based on the scattering
matrix observation, the scattering properties of distributed scatterers can be described by the covariance

matrix [C], defined by the complex scattering vector k = [ Sun  V2Suv  Svv ]T as follows:

T (SHHS}) V2(SHuSiy)y  (SHHS)y)
[Cl=(kk Y=| V2SuvSyy) 2SuvSyy)  V2SuvSi,) ®)
SvvSyy) V2(SyvSiy)  (SvvSyy)

Several methods [15-18] have been proposed to measure statistical similarity between two sample
covariance matrices [C1] and [Cy] acquired at before and after the earthquake, respectively. One of
the widely used methods is the likelihood-ratio (LR) test of two acquisitions [15]. Two dissimilarity
measures, such as the Bartlett distance (dp) and the revised Wishart distance (dw) can be derived from
the LR test defined by the complex Wishart distribution [16,17], such as:

dg =2In det([cuvg]) ©)
Vaet([Ci])det([C2))

det((c)])

dw =108 qot(1ca))

+tr([C1]7M[Ca]) - 3 @)
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where [C,wg] = ([C1] 4+ [C2])/2 and det( ) and tr( ) denote the determinant and trace of a matrix,
respectively. If both data are identical, the two distances dp and dyy are equal to 0.

In addition to the statistical distance measures between the two distributions, another approach,
named polarimetric similarity parameter [19,20], was proposed to examine differences between the
scattering mechanisms of the temporal POLSAR observations. Using the correlation-based similarity
measure, the polarimetric similarity parameter SP([T1], [T2]) between two coherency matrices [T7] and
[T2] acquired before and after the earthquake, respectively, can be written as:

w[74] 3]
el () )

where the coherency matrix [T] and its line-of sight rotation [TO] can be defined from the Pauli-based

SP([T4],[T2]) = (8)

- T
scattering vector kp = [ Sy +Svy  Sum—Svv  V2Suv ] , such as [13].

— —*T

[T) = (kpkp yand [T°] = [U][T][u] ™" ©

The unitary rotation matrix [U] is given by:

1 0 0
U] =| 0 cos2y sin2y (10)
0 —-sin2y cos2y

where 1) is the orientation angle of a scatterer [21]. It can be estimated from the observed coherency
matrix by the following relation:

2Re(T23)} (11)

4 = tan H{ — =2
v { Ty —Ts3

Unlike LR-based distances dp and dy, SP is bounded to between 0 (maximum dissimilarity) to 1
(identical).

Figure 5 shows the histogram of dissimilarity measures dp, dw, and SP for the selected regions
of interest. It is seen that the statistical distances between temporal covariance matrices (dg and dy)
increase in areas where buildings were collapsed by the earthquake, but the increase of distances
can be also observed by natural variations in croplands. On the other hand, the correlation-based
dissimilarity measure SP shows significantly different values for collapsed buildings in comparison
with those in other intact areas. One of the differences between the two types of dissimilarity
measures is that the correlation-based measure is invariant to arbitrary scaling of the coherency matrix.
Therefore, SP highlights temporal changes of polarimetric information regardless of the corresponding
differences in overall amplitudes. The results shown in Figure 5 indicate that it is important to measure
changes in the scattering mechanisms rather than the scattering amplitudes for effectively highlighting
earthquake-induced changes.
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Figure 5. Histograms of matrix dissimilarity measures: (a) the Bartlett distance (dp), (b) the revised
Wishart distance (dw), and (c) the polarimetric similarity parameter.

3.3. Earthquake-Induced Scattering Mechanism Changes

The backscattered signal observed by the SAR system is a mixture of waves scattered from
elementary scattering mechanisms within a resolution cell. To evaluate different scattering contributions
in the observed signal, we first recall the scattering power decomposition technique proposed by
Yamaguchi et al. [22]. The coherency matrix after orientation compensation [TO] can be assumed to be
a linear combination of four elementary scattering models as follows:

1 b 0 a? a 0 . 2 00 . 0 0 0
0 0 0 0 0 0 00 1 0 % 1

where f;, fi, fo, and f; are surface, double-bounce, volume, and helix scattering contributions, and a
and b are unknown double-bound and surface scattering coefficients to be estimated from the observed
coherency matrix, respectively. The scattering powers Pg, Pp, Py, and P¢ corresponding to surface,
double-bounce, volume, and helix scattering components, respectively, are determined by:

Ps = fs(1+1b*); Pp = fo(1+af*), Py = fy, and Pc = fc (13)

Figure 6 shows averaged Pg, Pp, Py, and Pc scattering powers estimated from the coherency
matrices [T1]| and [T,] for the selected regions of interest. In the S1 site, the dominant scattering
mechanism in the pre-earthquake condition is the double-bounce scattering followed by the surface
and volume scattering components. Under the condition after the collapse of buildings in this area, the
double-bounce component is reduced significantly while other scattering mechanisms are relatively
increased. Changes in scattering components can be also observed in other non-damaged regions.
However, no significant change in the double-bounce scattering contribution is found, as in the
damaged areas. Consequently, the double-bounce scattering component of the scattering power
decomposition can be used as an indicator for detecting the damaged areas.
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Figure 6. The surface (blue-circle symbol), double-bounce (red-square symbol), volume (green-cross
symbol), and helix (cyan-star symbol) scattering contributions of the scattering power decomposition
for the selected regions of interest.

In order to emphasize the earthquake-induced variations in scattering mechanisms, two parameters
corresponding to changes of the double-bounce scattering power (APp) and the double-bounce
scattering contribution among total received signals (ANp) can be defined as follows:

APp = 10108, (PD) o5t = 101081(PD) pre (14)
Pp Pp
ANp = 1010 (—) ~10lo ( ) (15)
810 Span ) 810 Span),,,

where Span = <SHHS}{H> + 2<SHVS;{V> + <SVVS’{,V> is the total power of the radar return.

The scattering power decomposition provides useful information for interpreting different
scattering mechanisms. However, since there can be many different ways to fit simple models to
the observed matrix, estimation of the double-bounce scattering mechanism cannot be uniquely
determined [23]. Instead of fitting elementary scattering models to the measurement matrix, there
is an alternative way to expand the observed coherency matrix as a sum of elementary components
using eigenvector decomposition [24] as follows:

3
=Y Aeie; (16)
i=1
where A; and ¢; are eigenvalues and eigenvectors of [T], respectively. It expands observed [T]
into the sum of three uncorrelated matrices where the eigenvalues A; (A; > A, > A3 > 0) are the
statistical weights for the three components. An eigenvector for each scattering contribution can be
parameterized [24] as:

- . s . oo 1T
e; :[ cosa; sina;cos ,Bieféf sin a; sin f;e/Vi ] (17)

An important observation following from this decomposition is that the « parameter can be a
continuous measure of the type of scattering process of the scatterer independently of its orientation.
It ranges from 0° for isotropic surface scattering, to 90° for isotropic dihedral or helix scattering.
In order to analyze variations in the scattering mechanisms caused by the earthquake using «; of the



Remote Sens. 2020, 12, 137 9 of 19

three eigenvectors, two parameters indicating the change of the mean scattering mechanism (Aa) and
the change of the dominant scattering mechanism (Aap) can be defined as follows:

3 3
A&:[Z Ai ai] —[ Ai D(i] (18)
4~ Span £~ Span
i=1 post i=1 pre
Aap = (al)post - (al)pre (19)

Figure 7 shows the histogram of scattering mechanism indicators APp, ANp, A, and Aap for
the selected regions of interest. Compared with statistical distance and matrix similarity measures,
all proposed parameters indicating variations of scattering mechanisms can better separate collapsed
buildings from other intact areas. Selected scattering mechanism parameters commonly indicate a
significant reduction of the double-bounce scattering mechanisms in damaged areas, while there are
no apparent changes in scattering mechanisms in other areas.
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Figure 7. Histograms of the scattering mechanism indicators: (a) the double-bounce scattering power
(APp), (b) the double-bounce scattering contribution among total received signals (ANp), (c) the mean
scattering mechanism (Aa), and (d) the change of the dominant scattering mechanism (Aap).

4. Detection of Building-Damaged Areas from POLSAR Observables

4.1. Selection of Damage Indicator

In the previous section, we evaluated different polarimetric change indicators for discriminating
collapsed areas from other type of changes using several manually selected regions of interest.
It is seen that some change indicators, such as the changes of polarimetric scattering powers at
+45°-linear and circular polarization states, the coherency matrix similarity parameter, and the changes
of double-bounce scattering mechanisms, can be useful to highlight damaged areas. For mapping
building-damaged areas using POLSAR data, we first selected optimal parameters to be used in
developing automatic detection algorithm among these polarimetric change indicators.

In order to compare detectability of different polarimetric change indicators independently of
the detection methods, the ROC (receiver operating characteristic) analysis is carried out as shown in
Figure 8. The ROC curve can be constructed by plotting the detection rate against the false-alarm rate
at various thresholds. Given a threshold for a change indicator, the detection rate is determined by the
ratio of the pixels detected as the changed class out of all pixels in the S1 site. The false-alarm rate is
calculated similarly by the ratio of the pixels classified as the unchanged class out of all undamaged
sites S2, S3, and S4.

The ROC curve for each polarimetric change indicator shows that the scattering mechanism
indicators, particularly the dominant scattering mechanism Aap, provide high detectability of damaged
areas. This result represents that areas related to the building damages can be uniquely characterized
as the dominant scattering mechanism shift from high «a values in undamaged conditions to low «
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values after the earthquake. In addition to the dominant scattering mechanism, the changes of the
double-bounce scattering component of the scattering power decomposition provide high detection
performance. Particularly, the relative contribution of the double-bounce scattering mechanism among
total received signals ANp can better characterize the scattering mechanism variations existing in the
building-damaged area than the double-bounce scattering power, which can be sensitive to other factors,
such as the scatterers’ dielectric and geometric properties, number densities of vegetation constituents,
and so on. Consequently, we selected ANp and Aap as damage indicators for automatically detecting
building damages from POLSAR data.

—*— Ag®(45° linear)
—O— Ac%(left circular)

—&— gp

_E_APD

Detection rate

—¥— AND

—v— Az

0 0.2 0.4 06 08 1 Acp
False-Alarm Rate

Figure 8. The receiver operating characteristic curves for selected polarimetric change indicators.

4.2. Automatic Damage Detection

4.2.1. Binary Classification by Thresholding

As discussed above, it is possible to map building-damaged areas by distinguishing areas of
low values from other areas in the damage-highlight images ANp or Aap. A map can be obtained
by assigning each pixel of the damage-highlight images to either damaged class wp or undamaged
background class wy. One of the simple and unsupervised ways to perform a binary decision is to set
the threshold value in the difference image. In this study, we selected three widely used threshold
selection methods, such as the Otsu [25], KI [26], and EM [27] methods, to obtain the binary classification
map for damaged areas. The Otsu and KI methods set threshold values of the histogram of the image
by minimizing the within-class variance of the two groups and by minimizing the average classification
error rate, respectively. The EM method iteratively estimates a priori probabilities and Gaussian
density functions and selects the threshold value according to the Bayes rule for minimum error. In
order to assess the detection result quantitatively, several accuracy metrics are considered including
the detection rate, false-alarm rate, Kappa coefficient (Kappa) [28], and figure of merit (FOM) [29].

Table 1 shows the accuracy analysis results for each binary classification result obtained by the
Otsu, KI, and EM thresholding methods. According to the Kappa and FOM accuracy metrics, which
provide overall ideas of detectability, the EM method provides the best detection accuracy among
three thresholding methods. However, two kinds of problems can occur in the detection method of
dividing the image into two groups using a single fixed threshold value. The first is that even in the
EM method, providing the best performance exhibits a relatively low detection rate of less than about
40%. The second is that the threshold values can vary from region to region, showing different joint
probability distributions.
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Table 1. Detection accuracies for the different polarimetric parameters.

Accuracy Metric AND Aap
Otsu KI EM Otsu KI EM
Detection rate 94.63% 6.38% 21.38% 94.12% 10.52% 37.05%
False-alarm rate 34.31% 0.08% 0.45% 26.83% 0.14% 1.16%
Kappa 13.04% 11.23% 31.11% 17.59% 17.68% 43.65%
FOM 10.95% 6.27% 19.42% 13.49% 10.21% 29.46%

4.2.2. Fuzzy-Based Contextual Classification

One possible way to solve this vagueness of decision boundary between damaged and undamaged
classes is to use the fuzzy set theory [30]. The damaged class wp and the undamaged class wy can be
considered as the fuzzy set. Each element in the observation space X can be defined by the membership
grades to class w; € {wp, wn}, i.e., P, (X) € [0,1]. In order to apply fuzzy concepts to our detection
problem, it is essential to determine the membership grades of each damage-highlight parameter ANp
or Aap, such as e, (ANp) and g, (Aap).

The membership grade depends on the problem to be solved, and, in practice, the membership
generation is usually performed using training sets for the classes of interest of the particular data.
Since the use of training data is difficult to use for the disaster application, the class conditional
probability density functions estimated by the EM method are used for unsupervised construction of
the membership grades. Each element of X is mapped to the membership grades based on the pairwise
membership functions for damaged and undamaged classes e, (X) and pg, (X) as illustrated in
Figure 9. In this study, simple piecewise linear functions are used for the membership functions,
defined as:

1 X<cp
-X

pap (X) = (2205 o <X <ay

0 X>c

N (20)
0 X<CD
X_

wa(X): ﬁ cp < X<cn

1 X>cyn

The two parameters cp and cy determine the shape of the membership functions. In this study, cp
and cy can be determined by EM-based estimation of the mean of Gaussian conditional distributions
for the damaged and undamaged classes, respectively.
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Figure 9. Construction of fuzzy membership functions for the damaged (red) and undamaged (blue)
classes in each damage indicator (a) ANp and (b) Aap.

Although the two independent polarimetric parameters ANp and Aap provide information on
building damages, they convey slightly different scattering properties of scatterers and may show
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different sensitivity to natural changes occurring in the undamaged areas. Consequently, we can exploit
the synergy of the two polarimetric information in identifying building-damaged areas. Another
advantage of using the fuzzy set theory is that it can be used as a mathematical tool to facilitate data
fusion. The fuzzified information of each polarimetric parameter can be easily combined through the
fuzzy operators [30]. Since the two polarimetric parameters indicate similar information in different
views, the conjunctive operator can be used for retrieving reliable information among the two agreeing
parameters. The combined fuzzy membership grade can be generated by the fuzzy AND operator as:

ey (X) = min| ey (AND), pa (Aap) | (21)

Since the fuzzed membership grade is determined exclusively by the pixel values, it may still
provide noisy detection results. To further improve the detection performance, the spatial contextual
information can be considered in the binary classification. One of the simple ways to consider the local
spatial information in the classification process is an iterative updating of class membership grades
using the local neighborhood of the pixel under consideration. In this study, we adopted iterative
contextual membership updating by the average operator given in [31]. The initial membership grade
determined by (21), the contextual membership grade of the pixel under consideration xj at (¢ + 1)
iteration is given by:

=

- - Z,in(xo), if HtQE(xO) <05 »
Hay (x0) = 1 jgl ‘ué,i(x]-), otherwise )
where 7 is the number and y, (X ]-) is the membership grades of the local neighborhood system. In order
to avoid an over-smoothened membership grade, the contextual membership updating applied only
to pixels that do not obviously belong to either class by using the quadratic fuzzy entropy Hor [32],

which is a measure of fuzziness, defined as:

Hor = [.Ua)D(l - .Ua)D)]l/z + [Hruw(l - sz\z)]l/z (23)

After updating the contextual membership grade, we can obtain a hard membership grade to
make a binary classification map. The pixel value of the classification map at (¢ + 1) iteration C'*!(xg)
can be generated accordingly with the following decision rule.

1, if (yf;;l (x0) > 0.5) and (yfjl\]l (x0) < 0.5)
0, if (yf;l“)l (x0) < 0.5) and (yt+1(xo) > 0.5)

WN

C*(x0) = { (24)

The iteration stops when the percentage of newly labeled pixels becomes smaller than 0.1%.

Figure 10 shows the membership grades of each polarimetric parameter, fuzzed and contextual
membership grades, and the binary classification result from the iterative contextual fusion. A Google
Earth optical image is also shown for reference. The blue-outlined area indicates the urban district
and the red ellipse illustrates the areas where many damaged buildings can be visually identified
in the optical image. It is seen that the building-damaged area is more emphasized by the fusion of
polarimetric parameters based on fuzzy set theory, and false alarms in agricultural areas unrelated to
building damage are significantly reduced. The binary decision result by the contextual fusion shown
in Figure 10e provides significantly improved detection performance for the selected area of interest
with the detection rate of 90.9%, false-alarm rate 1.3%, Kappa of 81.3%, and FOM of 69.7% as listed in
Table 2.
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Figure 10. Determined fuzzy membership grades of each damage indicator (a) ANp and (b) Aap.
The combined membership grade by (c) fuzzy membership fusion and (d) spatial contextual fusion.
(e) The binary classification result from the contextual fusion. (f) Reference Google Earth optical image
of the study area.

Table 2. Detection accuracies of the fuzzy contextual classification result.

Accuracy Metric Fuzzy Membership Fusion (Np+Aap)
Detection rate 90.95%
False-alarm rate 1.27%
FOM 81.34%
Kappa 69.72%

5. Discussion

5.1. Comparison with the Single-Polarization Damage Detector

Although the fully polarimetric data provides several advantages in extracting physical quantities
of the scattering targets, most of the SAR systems which have full polarization capability are often
operated in single- or dual-polarimetric modes to meet various operational requirements on the
resolution and coverages. In this section, we examined the performance of the single-polarization
detector in [1-4] in comparison with the result obtained in this study.

The damage detector (z) in [4] was derived based on both the difference (d) and the correlation
coefficient (r) between the HH-polarization backscatter images obtained under pre- and post-earthquake
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conditions. The former is defined in the same way as Equation (2), and the latter can be defined as
follows:
E[(h - E(lh))(l2 - E(1))]

r =
VE( - E(1))*E(2 - E(L))?

where I; and I; are the scattering powers of the pre- and post-earthquake data, respectively. By
combining these two change measures, the damage indicator z-factor is proposed as:

(25)

ld|
zZ = m —0.5r (26)

It ranges from —0.5 to 1.5, where the high z-factor indicates a high possibility of changes between
the temporal SAR images.

Figure 11 shows the calculated z-factor in comparison with one of the proposed change indicators,
Aap. While the polarimetric ap parameter highlights building-damaged areas in urban areas, the
single-polarization z-factor enhances both natural background changes and building damages. If we
limit the detection problem to the blue-outlined urban area, the z-factor can provide meaningful
information about the building damages. Therefore, it is possible to use the single-polarization damage
detector if the urban areas are extracted before applying it. If appropriate information on urban areas
is not available, there can be a significant number of false alarms in the detection results as an increase
of temporal baseline between the two SAR acquisitions. On the other hand, the polarimetric damage
indicators can effectively highlight the building-damaged areas, by tracking the damage-induced
changes of the scattering mechanism.

45°

-45°

Figure 11. Comparison of (a) fully polarimetric damage indicator (Aap) and (b) single-polarization
damage indicator (z-factor).

5.2. Grid-Based Damage Index and Comparison with In-Situ Survey

Most field investigations of damage to buildings have been carried out by a grid-based survey
of damage degree of buildings. In the case of the 2016 Kumamoto earthquake, a field survey was
carried by the Architectural Institute of Japan and the grid-based damage map was produced [33].
The damage status of buildings in each 57 m X 57 m grid was visually inspected and categorized
by Okada’s damage levels [34]. Figure 12 shows the grid-based damage map generated from the
field survey report. The map shows the grid-based major damage rate (DR), which is the number of
buildings belonging to major damage categories (damage levels 4 and 5) among the total number of
buildings in each grid cell.
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Figure 12. The grid-based major damage rate (DR) by the field survey [33]. Five DR categories indicate
the number of buildings belongs to major damage categories (damage levels 4 and 5 [34]) among the
total number of buildings in each grid cell.

Figure 13 shows the grid-wise mean of the radar parameters with respect to the major damage
rates. The Spearman’s rank correlation coefficient (rs) is used to represent the correlation between the
radar parameter and the survey result. Compared to the scattering-power-based change indicators,
such as Ac?(left — circular) and z-factor, the selected disaster indicators (ANp or Aap) show a higher
correlation with the major damages assessed by the field survey. The fuzzy membership fusion can
further increase the correlation between the SAR-derived damage index and the survey result. It is
worth noting that the colors in the damage map are not the level of damages but the number density
of the level-5 damaged buildings. On the other hand, the radar scattering parameter is a continuous
random variable which may vary continuously depending on the degree of damage. In addition, due
to the radar observation geometry and the structure of buildings, there can be a difference between the
SAR pixel coordinate and the building footprint. Consequently, there are significant variabilities of
grid-wise mean values of radar scattering parameters as the increase of the number of major damaged
buildings in the survey grid-cell.

2
rs=-0.25 rs=0.50
0 ‘% \% 0.5
| H HH /
0.2 ,% -
r‘;- -0. 48
DRO DR1 DR2 DR3 DR4 DRO DRl DRZ DR3 DR4 0 DRO DR1 DR2 DR3 DR4
(a) Aa(left circular) (c) AND (e) membersmp ﬁmon
=023 r=0.51
2 0 0.5
RS R RIS %
N -20
0.2 r=-0.49 % %
DRO DR1 DRZ2 DR3 DR4 DRO DR1 DR2 DR3 DR4 0 DRO DR1 DRZ2 DR3 DR4
(b) z-factor (d) Aty (f) Contextual fusion

Figure 13. Grid-wise mean of the radar parameters (a) AP (left — circula), (b) z-factor, (c) ANp, (d) Aap,
(e) twp(AND + Aap) and (f) yt+1(AND + Aap) with respect to the major damage rates from the
field survey.

In order to generate a radar-based damage map corresponding to the major damage map of the
field survey, a grid-based damaged pixel rate (DPR) can be calculated as:

fil C(xi)

DPR =
N

(27)
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where N is the total number of pixels within the grid and C(x;) is the binary classification result of
pixel x; in the grid cell generated by the contextual fusion according to Equation (25). The size of the
grid cell is set to match the field survey data.

Figure 14 shows the calculated damaged pixel rate (DPR) in comparison with the DR from the
field survey. It is seen that the two independent damage maps show a high correlation for the severely
damaged areas. Note that the DPR corresponds to the areal density of damages, i.e., the rate of pixels
corresponding to the damaged class among all pixels (approximately 11 X 11 pixels in this case) in a
grid cell. On the other hand, the DR from the field survey indicates the number density of damaged
buildings. Consequently, there are inherent differences between the two data sets, which can vary from
grid to grid due to variations of the size and number of buildings between grid cells.

Figure 14. (a) Damaged pixel rate (DPR) by synthetic aperture radar (SAR) data and (b) major damage
rate (DR) by the field survey.

Figure 15 shows a comparison between DPR and five damage categories of the survey data.
For effective comparison, the DPR is divided into five intervals and the ratios of DR categories
corresponding to each interval are plotted on the stacked bar graph. Due to the characteristic difference
between the two damage maps as well as the effect of registration noise, the relationship between
DPR and DR is not one to one. The DPR tends to overestimate areas with a small number of damaged
buildings and overestimate areas with many damaged buildings. Nonetheless, it is possible to notice
an overall correspondence between the two damage maps. As the DPR from SAR data increases, the
ratio of the DRO category decreases and the ratio of the DR4 category increases. The use of additional
information on the number and area of buildings may produce results that are more consistent with
field survey data. However, it should be pointed out that, significant correlation with field data
derived from a completely different approach can only be obtained with the appropriate use of
polarization information.

mDRO ®mDR1 =mDR2 =DR3 mDR4

™.
80%

60%
l--

40%
20%

0-20%  20-40% 40-60% 60-80% 80-100%
SAR Damaged Pixel Rate (DPR)

0%

Figure 15. Comparison of SAR-based damaged pixel rate (DPR) and survey-based major damage rate.
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6. Conclusions

The repetitive observation of the earth’s surface with space-borne SAR remote sensing has shown
great potential to detect a large damaged area caused by various natural disasters. In most approaches
for detecting damaged areas using SAR images, the pre-disaster data obtained shortly before the event
at the same imaging geometry with the emergency observation data are crucial to obtain successful
detection results [35]. However, appropriate baseline data is not always available for unpredictable
natural disasters. This study aimed to evaluate the usability of polarimetric SAR data in the detection
of earthquake-induced building damages with the presence of significant natural changes. Different
change augmentation approaches, such as the changes of polarimetric scattering powers, the matrix
distance measures, and changes of the scattering mechanisms, were investigated in this study to derive
optimal damage indicators for building damages. In addition, we proposed a novel change detection
method by the fuzzy-based fusion of polarimetric damage indicators.

Experimental results for the Kumamoto earthquake with ALOS-2 PALSAR-2 data demonstrate a
high potential of utilizing polarimetric scatter type indicators for identifying damaged areas in urban
areas. The results indicate that, rather than using the average scattering mechanism of the full covariance
matrix, it has been demonstrated experimentally that the use of scattering mechanisms associated
with characteristic scattering phenomena in buildings can reduce false alarms in natural changes and
improve detectability in building-damaged areas. Particularly, two polarimetric parameters, such as
the double-bounce scattering contribution among total received signals and the dominant scattering
mechanism, were selected as the building-damage indicators. In addition, an unsupervised fuzzy
contextual classification algorithm was proposed for producing the damage map for build-damaged
areas was proposed. The pixel-based accuracy analysis results showed that the proposed automatic
damage map can successfully detect the manually selected damaged areas with a detection rate of
about 90.9% and false-alarm rate of about 1.3%.

We also compared the grid-based damage map produced by the proposed approach with the
damage map from the field survey. Despite inherent differences between the two damage maps,
significantly damaged and undamaged areas in the survey data can be also successfully identified
by the SAR-based damage map. However, the relationship between the SAR-based damage rate and
the major damage rates in the survey data is not one to one, particularly in a mixed area of damaged
and intact buildings. The performance of damage assessment can be improved if the additional
information on buildings in urban areas are used in the classification chain. However, in general,
urban thematic information such as urban distribution, density, and structural features are not globally
available. Therefore, for operational and rapid detection, and evaluation of disaster areas, we will
mainly focus on improving the SAR-based damage evaluation algorithm in our future study by
retrieving structural information on buildings from the baseline data. In addition, to improve the
ability to distinguish the level of building damages and to detect earthquake-induced small scale
displacements other than building damages, the integrated use of polarimetric and interferometric
techniques will be investigated.
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