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ABSTRACT:

One of the most crutial applications of very-high-resolution (VHR) satellite images is disaster management. In disaster management,
time is of great importance. Therefore, it is vital to acquire satellite images as quickly as possible and benefit from automatic change
detection to speed up the process. Automatic damage map generation is performed by overlaying the co-registered before and after
images of the area of interest and, compring them to highlight the affected infrastructures. For speeding up image capture, satellites tilt
their imaging sensor and take images from oblique angles. However, this kind of image acquisition causes severe geometric distortion
in the images, which hinders image co-registration in automatic change detection. In this study, a Patch-Wise Co-Registration (PWCR)
solution is used. In this algorithm, the before and after images are co-registered in a segment-by-segment manner. From the literature,
this algorithm is followed by a spectral comparison to detect changes. However, due to the complicated structure of debris in damage
detection applications, spectral comparison methods cannot perform well. In this work, we developed an object-based method using
Histogram of Oriented Gradient descriptor to detect damges and compared our results to different existing spectral and textural change
detection methods. The algorithm is tested on images from the 2010-Heidi earthquake, captured by DigitalGlobe. The achieved highly
accurate results demonstrate the potential of using off-nadir remote sensing images for automatic urban damage detection possibly in
early response systems as it speeds up the damage map generation by providing flexibility to utilize images taken from different anlges.

1. INTRODUCTION

Structural damage assessment is essential for post-disaster relief
efforts. Remote sensing-based damage detection is amongst the
most popular methods of damage map generation. Using remote
sensing, a detailed spatial information of a disturbed area can be
generated which can provide almost real-time evidence of
building conditions using a variety of sensors such as optical,
SAR (synthetic aperture radar) and LiDAR (light detection and
ranging) (Khoshelham et al., 2013; Uprety, Yamazaki, 2012).

In literature, there are numerous methods used for disaster change
detection (Donga, Shan, 2013). Khoshelham et al., 2013 used
aerial laser scanning data and segment-based classification of
damaged buildings to assess damage to local buildings. Vetrivel
et al., 2016 present a method for automatic classification and
segmentation of satellite images. Uprety and Yamazaki, 2012
assessed building damage using high-resolution SAR imagery
while (Homa Zakeri, Wen Liu, Fumio Yamazaki, Takashi
Nonaka, 2016) used both SAR and optical data. Both groups
stated that without the proper correlation coefficients and
backscatter values from the pre- and post-event intensity images,
they were unable to achieve optimal results. It was concluded that
more reliable ground truth data was required to detect building
damage. In the literature, there are other methods of damage
detection which are based on using convolution neural networks
(CNN) or deep learning to assess building damages (Girshick et
al., 2012). The majority of the studies in the literature are based
on using nadir images or existing 3D models which are not
always available in the case of a disaster. The nature of disaster
management requires methods that are flexible enough to benefit
from the quickly captured images. The quickly captured images
are usually the ones that are taken with an off-nadir angle. The
agility technology of the satellites allows them to tilt their sensors
and acquire images from an off-nadir angle. However, since the
majority of change detection methods are based on a perfect
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pixel-to-pixel registration between the before and after images,
off-nadir images cannot be effectively used in automatic change
detection methods. Jabari, Zhang, 2016 proposed a method of
patch-wise co-registration (PWCR) between the before and after
images that are taken from off-nadir angles. The PWCR method
has reported being useful for the image-to-image registration and
detection of changes using spectral comparison methods.
Spectral comparison of the before and after images in the damage
detection is not recommended as the spectral signature of the
impervious surfaces does not drastically change when damaged
(Li et al., 2011). However, the texture of the features changes
due to the chaotic distribution of the debris of collapsed built-up
structures after the damages (Pesaresi et al., 2007). Thus, in the
literature, textural parameters are reported to be successful in
damage detection (Bignami et al., 2011; Pesaresi et al., 2007;
Tomowski et al., 2010).

Recently, the Histogram of Oriented Gradient (HOG) descriptor
is being increasingly used for different computer vision
applications (Bertozzi et al., 2007; Memarzadeh et al., 2013). The
fact that HOG is sensitive to local variations in the brightness
values makes it suitable for damage detection as it has been used
in (Vetrivel et al., 2016). Vetrivel et al. 2016 used a HOG feature
descriptor and a Gabor wavelet function along with SVM and
Random Forest classifiers to develop a damage-based
classification. These, along with a bag of words, allowed them to
identify and extract damaged areas. The HOG feature descriptor
uses a fixed window around points of interest to detect the
dominant direction of gradients.

Considering the nature of off-nadir images, the direction of relief
displacement in elevated objects varies depending on the viewing
angle of the images. Therefore, the geometric properties of the
bi-temporal off-nadir images can be different. Thus, a fixed
window solution is not suitable for change detection. To the best
of our knowledge there is no study in the literature that uses a
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flexibly-shaped neighbourhood for HOG feature descriptor
generation. The hypothesis of this study is whether an object-
based approach for generating the HOG feature descriptor using
off-nadir satellite images can distinguish damages from non-
damages.

The main contribution of this study is to combine PWCR image
registration along with an object-based (OB) approach as the
effective neighbourhood of Histogram of Oriented Gradient
(HOG) descriptor to find changes between before and after
disaster images.

2. METHODOLOGY

The methodology of the proposed process is presented in Figure
1.
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Figure 1: Proposed method of damage detection

As in every change detection method, the first step of this work
is the co-registration. Considering the different view-angle of the
images acquired at different times, it is not possible to use
traditional co-registration methods such as the ones that are based
on ortho-rectification and then co-registration using standard
polynomial-based methods. Thus, a co-registration method is
required, which is robust against view angle differences of the
images. This solution is proposed in (Jabari, Zhang, 2016).
Section 2.1 contains more details about this method of image
registration. After finding the corresponding segments in the
before and after images, a comparison method is required to
identify damages from non-damages. In this study, HOG feature
descriptor is used. Section 2.2 presented details about this
comparison method.

2.1 Patch-wise co-registration

As reported in (Jabari, Shabnam; Zhang, 2018), to overcome the
problem of different view-angles of the remote sensing images,
the base image can be divided into segments. Then, using the
Rational Function Model projection, along with a Digital Surface
Model (DSM) of the area, the segments can be projected to the
other image (target image). Therefore, the registration is
performed in a segment-by-segment manner. If the building
footprint map of the area is available, using Rational Polynomial
Coefficients (RPCs), the building polygons can be projected from

the object space (DSM space) into the images. The model with
which the projection is performed is called the Rational Function
Model (RFM) (Tao, Hu, 2001).

However, if the building footprints are not available, it is still
possible to detect buildings if the DSM has a high spatial
resolution such as the DSMs generated from high-density LIDAR
data. Figure 2 shows how the building segments are generated
from a high-spatial-resolution DSM and how the building
segments are projected to the image spaces which accordingly
results in co-registration between the base image and the target
image in a segment-wise manner.
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Figure 2: Extracting building segments and performing PWCR.
As shown in Figure 2, first, a Digital Terrian Model (DTM) is
generated by filtering the DSM; second, nDSM=DSM-DTM s
attained; finally, the nDSM is segmented to ideanity elevated
object bodeders. To remove noise, only objects with high
rectangular-fit value are used as candidate buildings. To
differenciate buildings from trees, all the candidate building
segments are projected to the image spaces and the ones with
high Normalized Difference Vegetation Index (NDV1) values are
removed from the segments of interest. It is worth noting that
further segment adjustment is possible to achieve more smooth
building borders which is out of the scope of this study.

2.2 Object-based HOG feature descriptor

To generate HOG feature descriptor for a given image, f(x,y),
first the intensity of gradient, |Vf(x, y)|, and the orientation of
the intensity gradient, 8(x, y), of the image are generated. Then,
within a given window of m X n, the directions are binned into t
bins, each bin covering w/t radians, and each pixel casts a
weighted vote for a bin depending on the magnitude of the
gradient of that pixel. Then, the histogram values are normalized
within a block of windows (Memarzadeh et al., 2013).

Due to the off-nadir angle of the images used in this study, it is
not possible to use fixed windows, of size m x n, for HOG
feature descriptor. Thus, we developed an object-based version
of the HOG feature descriptor, which takes into account the shape
of the objects instead of using a fixed window throughout the
images.

In this OB-HOG method, the gradient and direction of all the
pixels in a segment are used to generate the HOG feature
descriptor of that segment.

As shown in Figure 3, the same process is followed for the
corresponding segments in bi-temporal. Then, the difference
between the HOG feature descriptors of corresponding segments
is considered as a criterion for change. Respecting the nature of
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the HOG feature descriptor, which reflects the dominant edges in
the area, more dominant directions is expected in the non-
damaged areas while more chaotic HOG distribution is
anticipated in damaged ones.
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Figure 3: The process of using Object-Based HOG feature
descriptor for damage detection. The HOG feature descriptor is
generated over corresponding segments and then compared in
order to detect changes.

3. DATASETS

To study the effect of using PWCR along with OB-HOG feature
descriptor, we used the Haiti 2010 earthquake as a case study.
The magnitude-7.0 earthquake shocked Haiti on January 12™,
2010, destroying several buildings in the country.

We used two WorldView-2 (WV2) images of the area acquired
before and after the shock. Table 1 shows details about the data
used.

Table 1:Metadata of the data used

Data Before After LiDAR data

Acquisition date 1/9/2010 | 1/15/2010 | 01/21/2010 -
01/27/2010

GSD(m) /LiDAR 0.551 0.523 3.4

point density

(pts/m2)

Off-nadir angle(®) | 25.1 19.1 --

Sensor azimuth(®) | 321.3 61.4 315

Sensor elevation(®) | 61.8 68.6 45

The LiDAR data was further processed to generate a DSM, and
accordingly DTM and nDSM, of the area with the Ground
Sampling Distance (GSD) of 0.5m, which is similar to the GSDs
of the satellite images.

Figure 4 shows snapshots of the images/DSM used in this study.

(©
Figure 4: snapshots of (a) before, (b) after, (c) DSM of the area
used in this study.

4. RESULTS AND DISCUSSION

As mentioned in section 2.2, since a building footprint layer
representing all the buildings was not available to us, we used the
DSM of the area to detect buildings first. Then, the images are
co-registered using PWCR. Please see (Jabari, Zhang, 2016) for
more details.

Due to the inherent errors in the RPCs of the satellite images, a
final adjustment is required to remove the RPC biases. Thus, a
polynomial degree-one registration is used between the projected
footprints and the original locations of the points of interest.
Finally, the OB-HOG difference of the corresponding segments
in the before and after images was used as a change criterion. To
compare the accuracy of the proposed OB-HOG method with
other methods used for damage detection, two groups of change
detection methods are used. Group (1) spectral comparison-based
change detection methods that include: Change Vector Analysis
(CVA), Correlation Analysis, Cosine Angle, and Multi-variate
Alteration Detection (MAD); Group (2) texture comparison-
based change detection methods that include: Contrast,
Dissimilarity, Entropy, and Homogeneity. For more details on
the comparison methods refer to (A., Jia, 1999; Haralick, 1979;
Nielsen, 2011).

We selected a group of changed and a group of unchanged
buildings, totalling around 100 buildings as our test case in this
study.

To test the performance of the proposed OB-HOG method
against other spectral/textural methods, we used the Receiver
Operating Characteristic curves that plot True Positive Rate
(TPR) versus False Positive Rate (FPR). Equation 1 presents the
formula for TPR and FPR.

t
TPR = _P @)
tp+fn
FPR = Ip
fp+tn

where tp=true positive
fn=false negative
fp=false positive

tn=true negative

Figure 5 shows the the ROC curves of the OB-HOG method
along with the spectral and textural comparison methods. The
closer the ROC curve to the point (01,) the higher the
performance of the parameter in distinguishing two classes (here
changed and unchanged classes).
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Figure 5: ROC curves of the OB-HOG and the (a) spectral (b)
textural change detection methods.

Another parameter which can quantitatively compare the ROC
curves is called Area Under Curve, which integrates the area
under the ROC curves. The higher the AUC value of the change
detection criterion, the better the parameter in differentiating two
classes (here changes from non-changes). Figure 6 shows the the
ROC curves of the OB-HOG method along with the spectral and
textural comparison methods.
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Figure 6: AUC of the OB-HOG with the ROC curve of the (a)
spectral (b) textural change detection methods.

As can be seen in Figures 5 and 6, OB-HOG over-performs all
other comparison methods checked in this study.

Furthermore, as expected, textural methods perform better than
spectral comparison methods. The reason is that by the
destruction caused by disasters, like an earthquake, generally, the
material of the objects does not change. Therefore, spectral
comparison methods can underperform in finding changed
objects. However, textural parameters consider the local
distribution of the pixel values, which can better highlight
changes due to existence of debris. The HOG feature descriptor
is also based on the gradient image, which is of the same nature
as textural parameters. However, the fact that HOG feature
descriptor incorporates the gradient value along with the
direction of the gradient value makes it superior compared to
other texture-based change detection methods.

By combining PWCR co-registration along with the object-based
HOG feature descriptor, a good differenciation between damaged
and non-damaged areas have been achieved. This process needs
to be followed by a proper threshold selection method to classify
damaged buldings from non-damaged ones in a future study.

It s worth noting that this method performs well in typical flat-
roofed buildings as they usually do not have dominant edges

inside the building border. However, the buildings with variant
architectural shapes can generate shadows in different directions
depending on the solar azimuth and elevation angles, which can
cause false-alarm change detection results.

Another challenge in this study was that the LiDAR data, was
acquired after the disaster. Thus, the process of detecting
buildings from the DSM was not 100% successful. We missed a
few totally collapsed buldings as their nDSM values were not
high enough to be detected as buildings. For future practice, it is
recommended to use the LiDAR data of before disaster or use
building footprints — both of which was not available to us for the
study area.

Besides, in this case, only the roofs of the buildings are analysed
for damage detection. Due to the eagle-eye looking angle of the
satellite images, it is not possible to detect damages to the
building fagade. This issue can be addressed using oblique
airborne or UAV images in a future study.

5. CONCLUSION

In this paper, we investigated using off-nadir images for damage
detection after a natural disaster like an earthquake. Off-nadir
images form the majority of the VHR satellite imagery archives
produced by imagery vendors. Besides, the quickest images
acquired after an inevitable disaster can have an off-nadir angle
due to using the agility technology of satellites to tilt their sensors
and acquire images from areas further away from their footprints
on the ground. Thus, automatic damage detection methods using
off-nadir imagery are essential.

In this paper, we used a patch-wise co-registration method to find
the corresponding buildings in the off-nadir before and after
images. Then, we developed an object-based version of HOG
feature descriptor to looks for damaged buildings by comparing
the before and after images of the area of interest. We compared
our results to other change detection methods based on spectral
and textural comparisons, and our proposed method
outperformed them. This method has the potential to be used over
the quickest images taken from a disturbed area and compare
them to existing imagery from the archives to detect damages in
the area.
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