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1. Introduction

A strong earthquake with Mw 7.3 occurred on Nov. 12, 2017, at the Iran-lraq
border where the city of Sarpol-e Zahab (24 km from the epicenter) and many
other towns and villages were affected severely. Rapid damage mapping essentially
helps to understand the location, the extent and the severity of high hit areas, and
it is regarded as an important source of information in assisting proper crisis
management. Rapid damage mapping can be completed according to three
general methods namely; manual, semi-automated, and automated. This research
explores a proposed semi-automated method that once calibrated and operational
it can be utilized as an automated process. After preprocessing the satellite data,
individual buildings or building parcels are identified using either some building
extraction tools or with the use of some ancillary data sets. The proposed damage
detection algorithm is based on deriving a set of textural indices associated to
individual building or property footprints. These parameters have been input
into an Artificial Neural Network (ANN) for damage classification. The trained
ANN created urban damage maps. For detecting significant observable physical
changes/damages to the buildings, two schemes were developed: 1) by comparing
the post-event with the pre-event VHR satellite images, and 2) using a post-event
image only. In scheme-1, before and after images were acquired from different
satellites (TripleSat_2 with 89 cm and SV1 with 50 cm spatial resolution) as input
and the Overall Accuracy (OA) of the proposed damage classification was
reported as 72%. The damage classification accuracy in scheme-2 produced an
OA of 75%.

Natural disasters such as devastating earth-
guakes are affecting lives of millions of people
around the world each year. Large earthquakes are
unpredictable and rare with high consegquences
when occurring in urban or rural settings. The build-
ings are amongst the most important urban eements
since they provide shelters and at the same time
threat the lives of its occupants. For such disastrous
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events, damage mapping is inevitable for effective
disaster mitigation and management.

There are several practical methods to generate
change maps. Direct visual observation is one of
the methods but suffers from low speed for data
collection and limited access to all damaged areas
given the allocated resources. Alternatively, remote
sensing technology can be considered as a useful
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tool in collecting information faster with adequate
accuracy. High resolution data such as satellite/
aerial imageries can be efficient to prepare change/
damage maps. The spatial resolution of such data
sets needs to be high enough to be able to dis-
criminate between objects such as buildings and
other features. Change maps can be derived utilizing
the following methods:
1. Comparison of preand post images from the same
sensors (multi-temporal);
2. Comparison of pre and post images from dif-
ferent sensors (multi-temporal and multi-sensor);
3. Damage inferencing utilizing a single post-event
image (mono-temporal).

In recent years, accurate, fast and efficient
automated pixel-based and object-oriented methods
have been developed and proposed in deriving
geometrical or textural changesfrom satdliteimages.
Besides, damage detection algorithms were proved
to be effective in estimating earthquake damages in
urban areas. Gamba and Casciati [1] developed a
rapid damage detection algorithm for building
damage assessment using pre- and near-real-time
post-event aerial images. This method is based on
shape analysis and perceptual grouping. Comparing
the outcome of this method with the results of
visual interpretation, about 70% of the collapsed
buildings could be detected correctly.

There is a general tendency that visually
interpreted damage survey using satellite images
underestimate physical damages [2]. Yamazaki et al.
[3] visually estimated damages from Quickbird
images and determined different damage grades
according to the EMS-98 procedure. In order to
assess the accuracy, field data collected by Hisada
et al. [4] was utilized. The comparison revealed that
the best accuracy was achieved for the completely
damaged buildings (EMS-98, Grade 5) and for the
dlightly and moderate damaged buildings (EM S-98,
Grade 1 and 2).

Gusdlla et al. [5] provided an object-oriented
methodology using eCognition image processing
software[6] to carry out damage detection by
supervised method identifying 'collapsed’ versus
'no-collapsed' buildings. The reported Producer
Accuracy (PA) was 67.4% for 'collapsed’ and
74.4% for 'no-collapsed' cases. Moreover, the User
Accuracy (UA) was 78.5% for 'collapsed' and 62.5%
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for 'no-collapsed' buildings.

Mansouri et al. [7], using pre- and post- VHR
data of Bam earthquake in tandem with buildings
inventory data sets and applying a fuzzy logic
algorithm were able to determine the extent and
the severity of building destruction caused by the
2003 earthquake in Bam. Comparing these results
with an observed damage map revealed an agree-
ment of 72% for severe building damaged category.
Mansouri and Hamednia [8] used a soft computing
methods combining GA (Genetic Algorithm) and
SVM (Support Vector Machine) in order to select
optimum feature sets for damage mapping using
VHR optical satellite imagery for the 2003 Bam
earthquake. The proposed algorithm was evaluated
by comparing the produced damage map with a
reference data as ground truth showing overall
accuracies of 76% for detecting three levels of
structural damage (i.e. no to dlight, moderate, and
heavy to destruction) and 89% for determining
binary damage levels as no-collapse, and collapse.
Mostafazadeh and Mansouri [9] presented a
semi-automated building extraction and damage
detection algorithms employing Haralick features
and Artificial Neural Network (ANN) classification
tools. Building extraction showed an overall
accuracy of 91% where compared with an
existing urban database. The damage was classified
according to an optimal feature set. The overall
accuracy for damage mapping using an optimal
second order Haralick feature set was reported
as 73%.

2. Study Area - EarthquakeDamages

On November 12, 2017 at 9:48 pm local time a
strong earthquake with Mw 7.3 occurred on the
Iran-Iraq border. In this event, the province of
Kermanshah was the most affected area with the
city of Sarpol-e Zahab being the hardest-hit zone.
According to a recent report, about 518 out of a
total of 579 people were killed in Sarpol-e Zahab
and thousands more were injured. The earthquake
caused serious damages in structures in a wide area
in the state of Kermanshah, most of which were
rural. In Sarpol-e Zahab, the widespread destruction
on poor quality constructions were reported and
many recently buildings were collapsed while older
buildings were practically intact. The north-west
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Figure 1. Post-event Google Earth image of study area Ghara-Belagh-Azam and Shahrak Zeraee [10].

Figure 2. Pre-event panchromatic image of study area (courtesy of TRIPLESAT_2).

area comprised of rather newly built dwellings but
without proper earthquake resistance. The southern
band of the city contained vulnerable older buildings.
Both these areas suffered devastating damages and
casualties. Two highly hit villages namely Ghara-
Belagh-Azam and Shahrak Zeraee adjacent to the
northwest of the city were selected for this study.
For this area, a reconnaissance trip has been
conducted by the authors where the extent and the
general aspects of building damages were observed.
The dominant construction types were recognized
as low-rise poor masonry or weak sted structures
withinfill brick walls, Figure (1).

3. Imagery, Building Data, Ground Truth
In this study, Chinese TRIPLESAT_2 and SV1
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satellites were acquired for both before and after
the event. The specifications of these satellites are
listed in Table (1). TripleSat_2 is a constdlation
of three identical Beijing-2 satellites. SV1 or
SuperViewl is among the latest China high-
resolution optical commercial satellites. Parts of the
satellite images for both pre-EQ and post-EQ
showing the study area are presented in Figures (2)
and (3).

Table 1. Satellite data general specification.

Spatial Resolution

Satellite Acquisition Date
PAN (m) MS (m)
Pre-Event:
TRIPLESAT 2 0.89 3.2 2016-06-04
Post Event:
Sv1 0.5 & 2017-11-16
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Figure 4. Aerial photography for high hit zones (courtesy of IRIB news agencies).

The pre-event image quality was not as adequate
as the post-event image. It was not efficient to
apply the automated segmentation algorithm (e.g.
using the eCognition software) in order to extract
building objects. Such algorithmis based on region-
merging technique and when using poor resolution
data, it confuses between adjacent blurred objects.
Therefore, for object-based image analysis, a
building mask map was utilized for extracting
textural contents from all building footprints from
these two images. This building mask has been
created by complementing the Open Street Map
data containing most of the parce polygons with
manually drawing the missing buildings on Google
Earth images. All these data were unified within a
GIS application. According to the reconnaissance
and observing the imageries for the disaster zones
(Figures 3 and 4), signatures of vertical collapse
(pancake) and debris hips generated from exterior
walls of the buildings were revealed. To cover
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almost all possible building-related damages, the
"building objects’ have been actually taken as the
"property mask" comprised of the building foot-
prints and the associated yards (lands) as shown in
Figure (5).

Figure 5. Building mask defined as individual property
boundaries (building footprint and yard).
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Sincethe ground truth information and the survey
data of the study area was not available, visual
interpretation of post-earthquake satellite image
was performed as a reference damage map for
evaluating the building damage detection accuracy.
One way for creating a reference damage map is
by visual interpretation of severely damaged or
collapsed buildings by comparing pre- and post-
satellite imageries. Usually lower damage grades
are difficult to identify, so the pre-event imagery
can be helpful in detecting such minute changes
through visual interpretation. In this study, only
post-event image has been used for visual ground
truth due to its better available spatial resolution.
For better visualization and manual damage
mapping, pansharpened post-event Pleiades-1A
has been utilized where the data specification is
listed in Table (2). The final reference damage
map shown in Figure (6) was produced by inferring
the severity of changes and the signatures of the
debris within and around the building footprints
(modifying and completing the Iranian Space
Agency damage map). According to this satdlite-

Table 2. Specification of Pleiades-1A used for damage map
referencing.

. Spatial Resolution  Acquisition Satellite
Satellite -
PAN (m) MS (m) Date Operator
Pleiades-1A 0.5 2 16 Nov 2017 Planet Lab, USA

based damage mapping, the building pool was
classified into two classes of "Changed/Collapse’ or
"Unchanged/No Collapsed". Change/damage
patterns for the building footprints are explained in
Table (3) where building damage classification are
interpreted visually from post-earthquake satellite
image.

Table 3. Building damage classification according to visual
interpretation from post-earthquake satellite image.

Building Footprints as Seen from Satellite Images

Pattern Classification with Visual Interpretation

Unchanged (No Collapsed)
Buildings Shown in Y ellow

Changed (Collapsed)
Buildings Shown in Red

Damage Pattem Classification ES=

B Changed (Collapsed)
B Unchanged (No Collapsed)

Figure 6. Reference damage map according to the visual interpretation of post-earthquake satellite image.
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4. Damage M apping M ethodology

The purpose of this study is to present an
object-oriented semi-automated method for city-
wide damage mapping. Preprocessing the pre-event
and post-event images included geo-referencing
and matching the images together. In this method,
all image analysis and related computations were
performed for the extracted individual property
(both building and yard) masks. In order to delineate
effectively between "changed" or "unchanged"
areas, GLCM (Grey Level Co-occurrence Matrix)
Haralick textural images were created. Haralick
et al. [11] suggested 14 different measures com-
putable in four main directions. The Grey Level
Co-occurrence Matrix (GLCM) represents not
only the relationship between the brightness values
of adjacent pixels, but also reveals how often
distinct combinations of grey levels occur in an
image. Textural index extraction from GLCM
exhibits second-order histogram statistics where
pixe relationships are taken into account. The
textural relative difference of temporal images
were produced for the textural features as listed
in Table (4). Two schemes were used for damage
mapping. In the first scheme, not only seven
Haralick textural features but also the statistical
correlation was computed for each individual
building objects (property parcels) as applied to the
before and after image pairs. This statistical

correlation in addition to the mentioned textural
indices were considered as input to the proposed
artificial neural network where two classes of
"changed" and "unchanged" are specified. In the
second method, only the post-event image has been
takeninto account. Thisis becausein many instances
"before” data cannot be accessible for comparison
or there is a spatia resolution incompatibility be-
tween before and after images. For this, seven
Haralick textural indices were computed for the
building objects in the post image, and finally the
ANN has been trained according to the reference
data in order to produce the city-wide damage
map. Figure (7) depicts the flowchart describing the
steps involved in both schemes for the presented
methodol ogy.

4.1. Pre-processing

Preprocessing the pre-event and post-event
images included geo-referencing and matching the
images together. This include all satellite images
whether for before or after the event and also the
ancillary data as building parce layer. It should be
also noted that the spatial resolution for some of
the satellite imageries differed from each other;
therefore, one must match and scale the image
accordingly. In this study, TripleSat-2 had a reso-
[ution of 0.89 m, but SV1 showed a much better
resolution of 0.5 m.

Table 4. Haralick textural features (as utilized) from GLCM matrix.

Feature Formula Description
M M
Mean 3 Z Z(lP[l j1+jP[i,jl) Co-occurrence mean value
M
. ZZ((l —W2P[i,j] Measure of heterogeneity — strongly correlated to first order statistical variable such as standard
Variance 2 o . . LT
deviation. Variance increases when gray level variation is high in the kernel.
+ U - u)zn"h i
M M
o Homogeneity measures the similarity of pixels. A diagonal gray level co-occurrence matrix
Homogeneity . - - - L
1+ ll —]| gives homogeneity of 1. It becomes large if local textures only have minimal changes.
MM . N L X . .
2 Indicates the amount of local variation in an image. Values on the GLCM diagonal show no
Contrast (i —j)?Pli,j] . . L =
contrast and increases away from the diagonal in the kernel.
i
M M
Dissimilarity Z Z i —jlIP[i, f] Similar to contrast but increases linearly. 1 contrast of area is high, dissimilarity is also high.
-

i

Second Moment

i Z Pli, j1?
[

Uniformity or Energy — shows textural uniformity in the kernel. It is 1 when variation in the
spectral responses are

M M

_Z Z P[i,f]log Pi,j]
i i

Entropy

A measure of randomness. Entropy is large when the image is not texturally uniform and many
GLCM elements have very small values. Entropy is strongly, but inversely correlated to energy.

P[i, j]: Co-occurrence probability of pixel pairs with i and j
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Figure 7. Flowchart of the proposed method.
Mean Mean
Variance Variance
Homogeneity . ) ghanged;
Changed/ Homogeneity amage
Contrast . A\ Damaged
Contrast Unchanged/
Dissimilarity () Unchanged/ Undamaged

Qutput Layer
idden Layer

Statistical Correlation
Scheme 1
Input Layer

Undamaged

Dissimilarity

Second Moment

Hidden Layer
Scheme 2

Input Layer

Figure 8. Proposed ANN structure for change/damage detection.

4.2. Textural Feature Extraction

Generally, the destroyed buildings tend to have a
coarser textural signature and less gray scale levd.
Textural analysis is sought as it is suitable for de-
tecting differences between changed and unchanged
areas for determining the physical damages to the
buildings. The GLCM indicates the prevalence of
co-occurrence between different pixel values as
similar to a joint probability concept. The second
order statistics of an image can be obtained from
GLCM, which accounts for the spatial inter-depen-
dency or co-occurrence of two pixes at specific
relative positions. In this study, seven Haralick
measures were used to extract useful texture

JSEE/ Vol. 20, No. 4, 2019

information from pre and post images. These seven
features are described briefly in Table (4).

4.3. Artificial Neural Networks Damage Mapping

Soft computing ANN is regarded as an effective
technique for classification or decision problems.
The neural network has many advantages and
capabilities such as adaptivelearning, generalization,
and classification. ANN is usually very systematic
and straightforward to implement. In that, the
system learns from some train data sets and then
setsitsdf up for systematically classifying thewhole
entries in an automated fashion. Figure (8) depicts
the ANN feed-forward architecture as implemented
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in this study where the number of separated input
indices are eight for the scheme one, and seven for
scheme two, each having a hidden layer of four
nodes and an output layer of two nodes indicating
two distinct levels of changed (collapsed) and
unchanged (no collapsed). A sigmoid transfer
function has been used for the activation of the
neurons. The above ANN architecture and the
associated algorithm were implemented using
the Neural Network Toolbox of Matlab computer
code.

5. Implementation and Results

In this study, the panchromatic bands of
TripleSat_2 as pre-EQ image and SV1 as post-EQ
satellite image were used. After pre-processing, all
pixels concerning individual building objects have
been extracted from pre-event and post-event
satellite images using the building mask. Then,
Haralick textural features were extracted for all
pre and post images. All Haralick textural features
mentioned in Table (4) were computed according
to a co-occurrence shift of 1 with a processing
window of 3 pixds by 3 pixes. Moreover, these
valueswereaveraged along the 0°, 45°, 90°, and 135°.

Scheme 1: Both pre-event and post-event data
were utilized and the damage detection algorithm
tends to reflect within object changes. The input
change indices are set as the relative differences
(from pre_ and post_ data) of the seven textural
features per individual building objects. In addition
to the seven Haralick features, the statistical corre-
lation values have been also computed for each
individual objects (building property layout) con-
sidering both before and after satellite images
having in mind that a higher values would reflect no
detectable changes and vice versa.

Scheme 2: Only post-event data has been util-
ized; therefore, the change indices are considered as
the pure Haralick features and the comparison in
between different objects has been sought.

Potentially and intuitively, the first scheme is
able to provide better/higher damage classification
accuracy when using high quality RS data with
similar high spatial resolution as compared with the
case of second scheme when only one after image
is utilized (with the same spatial resolution).
However, in this study, since different VHR satdllite
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images with different spatial resolution and various
image qualities were used, the classification results
were investigated for both schemes.

ANN Results: A total of 130 buildings were
chosen randomly as train data set from the
reference ground truth data where about half of
them indicated "changed" and the other half
referred to "unchanged”". Thereafter, the trained
ANN was employed for creating the entire damage
map of the region. To assess the accuracy of the
classification, the confusion matrix has been created
based on the reference data and the mode result.
As seen in Figures (9) and (10), red polygons
show detected drastic changes and green polygons
represent non-detectable changes. The confusion
(or error) matrix is a useful tool for assessing the
accuracy of a proposed classification method. In
this study, the results obtained from the manual
process (as ground truth) are compared with the
outcome of the ANN algorithm. The Overall
Accuracy (OA) is the percentage of the objects
(individual houses) that are correctly classified in
the confusion matrix. The Producer's Accuracy
(PA) shows the praobability of a reference data set
(ground truth) being correctly classified by the
classifier algorithm. This is the percentage of the
number of correctly classified objects in each class
from the total number of objects in that class
(derived from the reference samples). The User's
Accuracy (UA) expresses the probability that
an object on the image represents that class on the
ground and is the ratio between the number of
correctly classified object in a class and the total
number of classified objects in that specific class.
ANN's confusion matrix for the classification
results are shown in Tables (5) and (6).

The proposed model produces an Overall
Accuracy of 72%, a Producer's Accuracy of 60%
for "Changed" and 76% for "Unchanged’, and a
User's Accuracy of 48% for the "Changed" and
84% for the "Unchanged" classes in scheme 1. For
scheme 2, the overall accuracy is calculated as
75%. The Producer's Accuracy of 68% for
"Changed" and 78% for "Unchanged", and a User's
Accuracy of 53% for the "Changed" and 87% for
the "Unchanged" classes. These figures show that
the algorithm was more effective for detecting the
"Unchanged" class.
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. %,
(a) Damage Mapping for Ghara-Belagh-Azam
Using Both Pre_Event and Post_Ewvent Images

(b) Dmage Mapping for Shahrak_Zeraee
Using Both Pre_Event and Post_Event Images

R

Damage Pattern Classification
M Changed/(Collapsed)
B Unchanged / (No Collapsed)

Figure 9. Damage mapping for two villages using both pre
event and post event images.

Table 5. ANN's confusion matrix for pre event and post event
images.

®

(a) Damage Mapping for Ghara-Belagh-Azam
Using Only Post_Event Damage Image

(b) Dmage Mapping for Shahrak_Zeraece
Using Only Post_Event Damage Image

Damage Pattern Classification
M Changed/(Collapsed)

B Unchanged / (No Collapsed)

= - 1 o /. L =

Figure 10. Damage mapping for two villages using only post
event damage image.

Table 6. ANN's confusion matrix for only post event damage
map.

Reference Data (Ground Truth)

Reference Data (Ground Truth)

Confusion Matrix

Confusion Matrix
gh:“lgmf ;Jonéh?,n gfdi sum UA (C:h:n.gedf D:Jon:jh?.n gfdi sum UA
Changed/ Changed/
Collapsed 76 83 159 048 Collapsed 85 77 162 0.53
ANN Unchanged/ 50 270 320 0.84 ANN Unchanged/
Classification No Collapsed ) Classification No Collapsed 4 276 317087
Sum 126 353 Sum 126 353
0A=0.72 OA=0.75
PA 0.60 0.76 PA 0.68 0.78
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6. Conclusion and Discussion

Rapid damage mapping is sought to understand
the location, the extent and the severity of high hit
areas as it is regarded as an essential source of
reliable information assisting effective crisis
management. The proposed rapid damage mapping
is based on a semi-automated scheme that once
calibrated and operational can be utilized as an
automated process for large geographic extents.

The steps involved in this procedure can be
summarized as: preprocessing, creating reference
dataset for accuracy evaluation, individual building/
property object extraction, computation of Haralick
texture features and determining damage indices for
building parcd objects, ANN setup and training the
dedicated artificial neural network and finally
damage map production. A rational way to create
damage indices is by using both pre and post data.
However, because the availability of some before-
event satellite images is not guaranteed all the time,
using only the post-event data is also focused in this
research. The inputs for ANN are all computed
damage indices and its output is the classification
result reflecting two classes of "changed/collapsed"
and "unchanged/no collapsed”. The confusion
matrix suggests an overall accuracy of 72% when
both before and after images were utilized, and 75%
for the case where only after image was utilized
respectively. The ANN damage mapping from
pre-event and post-event data reveal an overall
damage ratio of 0.37 for the region. When using
soldy the post-event data, the overall damage ratio
has been calculated as 0.39. One major justification
for the fact that both methods resulted in nearly
the same values is that the pre-event data (used in
the first scheme) although considered as VHR, but
suffered from lower spatial resolution (about two
times coarser than SV1 data), and poorer quality,
and it is bdieved to have affected the damage index
calculation accuracy. Considering the extent of the
scenes, the effectiveness of the algorithm and the
computational capabilities of regular personal
computers, the processing time for scheme-1 is
slightly more than for scheme-2 but not practically
a determining factor.
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