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When carrying out change detection for building dam-
age assessment using synthetic aperture radar (SAR)
intensity images, it is desirable that the observation
conditions of the images are similar and acquisition
time is close to the earthquake occurrence time. In
this way, the influence of the radar operating system
and ground temporal changes can be minimized, fa-
cilitating high-accuracy assessment results. However,
in practice, especially in poor developing areas, it is
difficult to obtain ideal images owing to limited pre-
event data archives. In the 2015 Gorkha, Nepal earth-
quake, the TerraSAR-X satellite captured the influ-
enced Sankhu area before and after the earthquake
on May 30, 2010 and May 13, 2015, respectively. The
pre-event data was obtained in an ascending path with
an incidence angle of 41°, whereas the post-event data
was obtained in a descending path with an incidence
angle of 33°. To apply the obtained data that had
different observation conditions and longtime inter-
vals for building damage assessment, two ways were
considered and studied. On one hand, the feasibil-
ity of change detection considering these factors was
investigated. Pixel statistic characteristics were ana-
lyzed in twelve test areas to check the influence of tem-
poral changes, and building footprints were buffered
considering two different incidence angles. On the
other hand, the reliability of classification based on
only post-event data was studied. The results showed
good classification performance of some texture pa-
rameters, such as the “range value’” and ‘“‘standard de-
viation,” which are worthy of further study. Moreover,
the classification results obtained using the post-event
data achieved similar accuracy to that using both the
pre- and post-event data, preliminarily indicating the
research value of post-event data-based building dam-
age detection as it can solve the pre-event data limita-
tion problem once and for all.
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1. Introduction

Synthetic aperture radar (SAR) is a useful tool for
emergency response in disasters, such as in promptly
identifying the most damaged urban areas and reason-
ably arranging rescue forces, because of its all-weather
and all-time working capabilities. Various SAR-based
approaches for damage assessment (particularly building
damage assessment) in disasters have been proposed with
the development of microwave remote sensing technol-
ogy. Depending on the data availability, resolution con-
ditions, and acquisition mode, the approaches vary from
those applying pre- and post-event data [1, 2] to those uti-
lizing only post-event data [3-5], from those in block-
units [6-9] to those in building-units [10, 11], from those
carrying out physical relationship analysis to those em-
ploying machine learning technology [12], and from those
using intensity analysis to those using coherence [13, 14]
and polarimetry analysis [15].

When a SAR satellite does not work in an interferom-
etry or polarimetry mode, only the intensity value of the
pixels can provide useful information for damage assess-
ment. Intensity means the backscattering received by the
SAR sensor after sending microwaves to ground targets.
Change detection using pre- and post-disaster intensity
SAR data in a block-unit or a building-unit is a classic
and commonly-used method. It is based on the follow-
ing principle: for an intact building, owing to the oblique
view of the SAR satellite, ideally, regular layover and
shadow areas appear in the SAR image. In areas facing
the radar sensor, a bright zone appears owing to a double
bounce effect in the corner and superposition of the roof,
wall, and ground reflections. In most areas of the building
footprints and some areas facing backward to the radar
sensor, a shadow zone appears owing to the occlusion
of the building (Fig. 1). For a collapsed building, how-
ever, the layover, double bounce, and even shadow char-
acteristics may disappear, making the overall reflection
around the building more random and averaged. There-
fore, based on differences of pixel statistic characteristics
such as backscattering difference, texture variation, and
bright area percentage change, it is possible to distinguish
between damaged and undamaged buildings.

Backscattering coefficients of SAR can be influenced

Journal of Disaster Research Vol.14 No.3, 2019

© Fuji Technology Press Ltd. Creative Commons CC BY-ND: Thisis an Open Access article distributed under the terms of
BY ND the Creative Commons Attribution-NoDerivatives 4.0 International License (http://creativecommons.org/licenses/by-nd/4.0/).


http://creativecommons.org/licenses/by-nd/4.0/

'

SAR Sensor
¥ P
R |
Boght Area Shadow Ares

——  Backscastering fom the Ground
— Jowble Bounce i the Corner
-— Jackscattering froen Vectical Wall

I

Fig. 1. Schematic of intact building backscattering in SAR.

by characteristics of ground targets (roughness, dielec-
tric, etc.) and operating parameters of the radar system
(wavelength, incidence angle, etc.). Therefore, when car-
rying out change detection, it is desirable that the acqui-
sition dates of the images are as close as possible to the
day of the earthquake and that the observation conditions
are similar [16]. However, in reality, owing to the lim-
ited archives of pre-event SAR data [17], it is not easy to
obtain ideal images, especially in poor developing areas.
For the 2015 Gorkha, Nepal earthquake, the TerraSAR-X
satellite captured the influenced Sankhu area before the
disaster on May 30, 2010, and after the disaster on May
13,2015. Whereas the pre-event image was obtained in an
ascending path with a central incidence angle of 41°, the
post-event image was obtained in a descending path with
a central incidence angle of 33°. The long data acquisi-
tion interval provided time for temporal changes on the
earth’s surface and buildings, interfering with the damage
assessment results. The difference of radar path and in-
cidence angle made pixel-by-pixel comparison lose clear
physical meaning, as a pixel in the same coordinate might
not represent the same ground target anymore. Moreover,
even for the same ground target, the radar backscatter-
ing return was also different at different incidence angles.
Wagner et al. revealed that the backscattering is stronger
at smaller incidence angles, and the rate of decrease de-
pends on roughness conditions and land cover [18].

To apply the obtained data with different observation
conditions and a longtime interval for building damage as-
sessment, two methods can be considered. On one hand,
the feasibility of change detection considering these in-
fluencing factors can be analyzed. On the other hand, if
good classification results can be achieved by using only
post-event data, then the limitation of the pre-event data
will no longer be a problem. In this study, firstly, the
feasibility of change detection was checked. Pixel statis-
tic characteristics were analyzed in twelve test areas, to
check the influence of temporal changes and choose bet-
ter parameters for classification. Building footprints were
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buffered according to the relationship between the inci-
dence angle and the length of layover and shadow region,
to incorporate all bright and dark areas. Random forest
classification was then applied based on the selected pa-
rameters calculated for each building within the buffered
areas. To study the cost-efficiency of the selected parame-
ters, classification using all parameters was also executed
for comparison. To investigate the reliability of the post-
event data-based method, classification using similar pa-
rameters calculated from post-event data was carried out
and compared.

2. Research Area and Dataset

The 2015 Gorkha, Nepal earthquake, with a moment
magnitude of 7.8 (Mw), occurred on April 25, 2015, caus-
ing heavy casualties and serious economic losses. The
hypocenter of the earthquake located in 28.15°N, 84.71°E
with a depth of 15 km (USGS).

After the main shock, more than 25 aftershocks oc-
curred, among which, at 27.82°N, 86.08°E, a 7.3 mag-
nitude major shock occurred on May 12, 2015 with a
depth of 19 km (USGS). According to the Nepal Police,
in the earthquake, 8,832 people were killed, 25,422 peo-
ple were injured and more than 5,000,000 houses were
damaged [19].

Sankhu, the study area of this research, was a re-
gion extensively damaged in the earthquake. It was
an old town, located in the northeast part of the Kath-
mandu Valley (Fig. 2(a)), where there were around one
thousand buildings. Among all the buildings, the non-
engineered masonry buildings experienced considerable
damage, whereas the reinforced concrete (RC) buildings
encountered minor damage [19].

Pre- and post-event TerraSAR-X images were obtained
on May 30, 2010 and May 13, 2015, respectively. The
spatial resolution of the images was around 3 m. The ac-
quisition mode was Stripmap and the polarization mode
was horizontal transmit/horizontal receive (HH). The pre-
eventimage was acquired in an ascending path with a cen-
tral incidence angle of 41°, whereas the post-event image
was acquired in a descending path with a central incidence
angle of 33°. High-resolution optical images from March
12, 2015 (before the earthquake) and November 20, 2015
(after the earthquake) could be obtained via Google Earth.
These images were used to create building footprints and
a damage map (Fig. 2(b)) based on visual interpretation.
The damage level (Table 1) made for the Nepal Earth-
quake Risk Assessment System [20] considering the over-
all building damage of HAZUS [21] and the component
damage level of FEMA-306 [22] was used to define the
damaged and undamaged buildings in this study. Build-
ings in the complete damage state were identified as dam-
aged, while buildings in the damage states of slight, mod-
erate, and extensive were defined as undamaged.
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Fig. 2. Study area and corresponding building damage map: (a) location of Sankhu area; (b) building damage map.

Table 1. Definition of damage level.

Damage

State Damage Definition

Diagonal, stair-step hairline cracks on
masonry wall surfaces; larger cracks around
Slight door and window openings in walls with large
proportion of openings; movements of lintels;
cracks at the base of parapets.

Most wall surfaces exhibit diagonal cracks;
some of the walls exhibit larger diagonal
cracks; masonry walls may have visible
separation from diaphragms; significant
cracking of parapets; some masonry may fall
from walls or parapets.

Moderate

In buildings with relatively large area of wall
openings most walls have suffered extensive
cracking. Some parapets and gable end walls
have fallen. Beams or trusses may have moved
relative to their supports.

Extensive

Structure has collapsed or is in imminent
danger of collapse due to in-plane or
out-of-plane  failure = of the  walls.
Approximately 15% of the total area of URM
buildings with complete damage is expected to
be collapsed.

Complete

3. Methodology

3.1. Principal

As explained in the introduction, for an intact build-
ing, layover and shadow regions exist, forming regular
bright and dark areas in the SAR image. For the col-
lapsed building, however, the layover, double bounce, and
even shadow characteristics may disappear, averaging the
total reflection in and around the building. Therefore,
for collapsed buildings, ideally, pixel statistic character-
istics around the building areas would have some specific
changes. For example, the minimum pixel value would
become greater because of the disappear of shadow areas,
the maximum pixel value would become smaller because
of the vanish of the double bounce, the pixel value range

458

and standard deviation would become smaller owing to
the average of the overall backscattering.

However, in the case of this study, temporal changes
might occur during the longtime interval between the pre-
and post-event image acquisition date, interfering with the
regularities of these changes. Thus, before using these
pixel statistic parameters for classification, twelve test ar-
eas, with six damaged ones and six undamaged ones were
selected to check the change trends and choose better pa-
rameters for classification.

To consider the influence of different observation con-
ditions, the building footprints were buffered, considering
the two different incidence angles. The physical relation-
ship between the incidence angle and the length of layover
and shadow regions was analyzed to determine the buffer
range. As can be seen from the reflection law in Fig. 1,
the layover and shadow length was approximately /2/ tan 0
and htan @ (h is the height of the building and 0 is the
incidence angle), respectively. Therefore, to incorporate
all of the shadow, double bounce, and layover effects, the
maximum value among 4/ tan 0., htan 6 ., 1/ tan By,
and Atan @, was set as the buffer distance. The build-
ing height 4 was estimated approximately according to the
story information described by Ohsumi et al. through field
survey [19].

After classification parameters were selected and build-
ing footprints were buffered, the selected parameters were
calculated for each building within the buffered areas,
and the random forest algorithm was applied for building
damage discrimination based on these calculated parame-
ters.

3.2. Pre-Processing

Pre-processing included radiometric calibration, de-
speckling, and registration. Firstly, radiometric calibra-
tion, i.e., transforming the image pixel values (or digital
number (DN)) into sigma naught (dB), was carried out
according to Eq. (1) to minimize the differences in the
image radiometry. Then, de-speckling was executed by a
3 x 3 pixel Lee filter [23] to reduce the noise interference
while retaining detailed surface information. Finally, the
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Fig. 3. An example of selected areas with damaged buildings: (a) pre-event optical image; (b) post-event optical image; (c) pre-

event SAR image; (d) post-event SAR image.

Fig. 4. An example of selected areas with undamaged buildings: (a) pre-event optical image; (b) post-event optical image; (c) pre-

event SAR image; (d) post-event SAR image.

two SAR images and the building footprints were all pro-
jected to WGS 1984 / UTM zone 45N reference for cal-
culation and analysis.

aO:(ks-|DN|2—NEBN)-sineloc RN )

In Eq. (1), k; is the calibration and processor scaling fac-
tor given by the parameter calFactor in the attached anno-
tated file, DN is the pixel intensity values — digital number
in the image, NEBN is the noise equivalent beta naught,
00c 1s the local incidence angle, which can be obtained
from the GIM in the Enhanced Ellipsoid Corrected (EEC)
product.

3.3. Parameter Study

To check the influence of temporal changes on pixel
statistic characteristics and to choose better parameters
for building damage classification, twelve regions were
selected, with six regions full of damaged buildings and
six regions full of undamaged buildings. Examples of the
selected areas are shown in Figs. 3 and 4. The lines in
the images denote the outline of the selected damaged or
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undamaged sample areas. Comparing the pre- and post-
event SAR images in Figs. 3(c) and 3(d), it can be seen
that after the damage of the buildings, the overall pixel
values seem to become more uniform. To observe the
pixel statistic characteristics change of the damaged areas
intuitively, the distribution of seven statistical parameters
were investigated and analyzed, including the post-pre
difference of the minimum value, maximum value, range,
mean, standard deviation, skewness, and kurtosis. Param-
eter values were calculated within each selected area by
ArcGIS 10.5. Value distributions were drawn in Fig. § for
easier analysis.

As it can be seen from Fig. 5, among all parameters, the
distribution of the minimum value difference, range dif-
ference, and standard deviation difference show different
ranges for damaged and undamaged areas, indicating their
better classification abilities for building damage condi-
tions. To show the data distribution more clearly, box-
plot figures of the three parameters were drawn by python
3.6 (Fig. 6). From Fig. 6, it can be seen that for the
damaged condition, in general, the minimum value dif-
ference is larger than zero, whereas the range difference
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Fig. 5. Distribution of pixel statistic characteristics for damaged and undamaged test areas.
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Fig. 6. Boxplot of minimum value difference, range difference, and standard deviation difference.

and standard deviation difference are smaller than zero.
This implies that the minimum pixel value became bigger,
whereas the pixel range and standard deviation became
smaller after the buildings were damaged, consistent with
the speculation in the desirable condition. Therefore, even
though temporal changes might happen during the long
pre- and post-event data acquisition interval, these three
parameters still had good classification abilities and could
be used for identifying damaged and undamaged build-
ings in this case.
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3.4. Machine Learning Based Damage Classifica-
tion Using Pre- and Post-Event Data

According to the parameter analysis in Section 3.3, the
differences of minimum value, range, and standard devi-
ation had better abilities for distinguishing damaged and
undamaged areas in this case, and thus were selected as
the classification parameters. Then, building footprints
were buffered, considering two different incidence angles,
to incorporate all shadow, layover, and double bounce ef-
fects. Selected parameters were calculated for each build-
ing within the buffered areas.

The random forest algorithm was applied as the clas-
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Table 2. Classification results using all parameters based on pre- and post-event data.

Undamaged | Damaged | P.A. (Producer’s Accuracy)
Undamaged 670 68 90.80%
GTD (Ground Truth Data) - —57r a0 cd 2 g 16.50%
U.A. (User’s Accuracy) 75.1% 39.3%
0.A. (Overall Accuracy) 71.1%

Table 3. Classification results using selected parameters based on pre- and post-event data.

Undamaged | Damaged PA.
GTD Undamaged 651 87 88.2%
Damaged 207 59 22.22%
U.A. 75.9% 40.4%
O.A. 70.7%

sifier, after testing many machine learning methods. 10-
fold cross-validation, which means ten equal-size samples
were proportionally and randomly divided with nine sub-
samples applied as training data and the remaining one
applied as validation data, was used to check how well
the training model could be generalized to independent
testing data.

To investigate the classification ability of the selected
parameters and ascertain the influence of other parame-
ters, random forest classification using all of the seven
parameters was carried out for comparison. Results are
shown in Tables 2 and 3. Corresponding damage map
results are shown in Figs. 7(b) and 7(c).

As shown in Tables 2 and 3, the overall accuracy of
the classification is around 70%, which is not a very bad
result. It demonstrates that even though the pre- and post-
event data are not desirable, change detection can still be
carried out by conducting test studies to ascertain the in-
fluence factors as well as the change trends carefully, and
then considering various influencing factors reasonably.

Moreover, the overall accuracy of the classification
based on the selected parameters and that of the classifica-
tion based on all parameters are generally the same. This
implies that the integration of other parameters cannot ef-
ficiently improve the classification results, the selected pa-
rameters already have favorable and cost-effective clas-
sification abilities in this case. Actually, considering
too many parameters, especially the bad and irregular
ones, might cause interference and overfitting issues in the
training process. Moreover, according to Tables 2 and 3,
the classification accuracy for undamaged buildings is im-
proved while that for damaged buildings is reduced when
other parameters were taken into account. This may imply
that the selected parameters are better at discriminating
damaged buildings, whereas others are better at identify-
ing undamaged buildings.

3.5. Machine Learning Based Damage Classifica-
tion Using Only Post-Event Data

According to the reflection law of intact and collapsed
buildings, pixel statistic characteristics of the damaged
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and undamaged buildings in the post-event image should
also have some differences. By analyzing these differ-
ences, perhaps the damage conditions of buildings could
be discriminated by only using the post-event data.

To analyze pixel statistic characteristic differences be-
tween damaged and undamaged buildings in the post-
event image, a parameter study was carried out, in the
same way as Section 3.3. Analysis results showed that
the minimum value, range, and standard deviation still
had better performance for differentiating between dam-
aged and undamaged buildings. Therefore, based on these
three parameters, random forest classification using only
post-event data was executed. The classification damage
map result is shown in Fig. 7(d), and the accuracy is listed
in Table 4.

As can be seen from Tables 3 and 4, using only post-
event data does not reduce the classification accuracy, and
on the contrary, seems to improve the accuracy slightly,
especially for discriminating damaged buildings. Com-
bined with the research of Bai et al. [12], it can be con-
cluded that, either for a long interval condition or for a
short interval condition, methods using only post-event
data could achieve almost as good of results as those us-
ing multi-temporal data. Moreover, owing to the fact that
approaches using only post-event data could settle the pre-
event data limitation problem once and for all, it is worth
carrying out corresponding research further.

4. Results and Discussion

As shown in Tables 2—4, the accuracy of the classifi-
cation results is not quite high, especially for the dam-
aged buildings, many of which are classified as undam-
aged ones. Possible underlying factors for the misclassi-
fication are analyzed as follows.

Firstly, there is a long interval between the pre- and
post-event data. Even though for the selected test ar-
eas, the temporal changes do not significantly interfere
the classification abilities of the selected parameters, other
places may experience changes of a different degree.
In addition, repair, new construction, and reconstruction
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Table 4. Classification results using selected parameters based on only post-event data.

Undamaged | Damaged PA.
GTD Undamaged 653 85 88.5%
Damaged 198 68 25.6%
U.A. 76.7% 44.4%
O.A. 71.8%

of houses might occur during the interval period. For
example, when comparing the optical images of 2010
and 2015, approximately 40 buildings were found to be
newly-constructed in the studied Sankhu area. The ex-
istence of such impact factors would consequentially in-
terfere with the training process in machine learning, and
thus influence the classification accuracy.

Secondly, the ground truth damage map was made from
optical images in Google Earth that might not be as ac-
curate as damage data obtained through a field survey.
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Misclassification in the ground truth data generates a mis-
match between the damage condition and relevant pixel
statistic parameters, misleading the learning process in the
machine learning algorithm.

Moreover, data imbalance exists between the damaged
and undamaged buildings. There are relatively fewer
damaged buildings as compared with undamaged build-
ings, which may lead to insufficient training for the dam-
age condition, and cause low accuracy in the damaged
building classification. Moreover, as the classification pa-
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rameters were calculated within buffered building foot-
print areas, the density of buildings will also have an im-
pact on the classification results.

Furthermore, according to Miura et al. [24], in high-
resolution SAR images, the radar reflections could be
stronger in a post-event image, especially in a congested
building area. However, in the study, this phenomenon
was not considered, for simplification of analysis. This
unusual intensity change between the pre- and post-event
images is also a factor influencing the classification accu-
racy.

5. Conclusion

In this study, building damage assessment for the 2015
Gorkha, Nepal earthquake was carried out using HH po-
larimetric TerraSAR-X intensity data. To consider differ-
ent observation conditions and longtime intervals between
the pre- and post-event data, buildings were buffered con-
sidering two different angles, and pixel statistic charac-
teristics were analyzed in test areas to find change trends
and seek better parameters for classification. After that,
selected parameters were calculated for each building
within the buffered areas, and the random forest algo-
rithm was applied for classification. In addition, classifi-
cation results using the selected parameters and all param-
eters were compared, to study the cost-efficiency of the
selected parameters. Sorting outcomes using only post-
event data and both pre- and post-event data were weighed
to identify the reliability of post-event data-based method.
Through this research, several conclusions can be drawn,
as follows.

Even though there is a longtime interval between the
pre- and post-event data, several pixel statistic parame-
ters (the minimum value difference, range difference, and
standard deviation difference) show different distributions
for damaged and undamaged buildings, consistent with
the speculation in a desirable condition. The good classi-
fication abilities of these parameters made them the se-
lected parameters for identifying damage conditions in
this case.

Change detection using pre- and post-event intensity
SAR data with different observation conditions and long-
time intervals is still feasible, by ascertaining the impact
factors as well as change trends carefully through test
study, and then considering various impact factors reason-
ably. This also proves that intensity analysis is robust as
compared with interferometry analysis, etc.

As compared with other parameters, the selected pa-
rameters have favorable and cost-effective capabilities for
building damage classification in this case, especially for
damaged building discrimination.

Classification using only post-event data can achieve
almost the same quality of results as that using both pre-
and post-event data, and is worth further research. If more
case studies are carried out and show the same reliable
results, then the pre-event data limitation problem will be
solved once and for all.
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