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Abstract

In this research, we deal with deep learning—based collapsed building detec-
tion (CBD) using 3D point clouds. With regard to this topic, two issues that
hinder its further advancement are found through extensive literature review:
1) the lack of a suitable dataset on which the deep learning models can be
trained and evaluated, and 2) the deep learning models are yet to be adapted
to CBD. Therefore, this research aims to resolve the above issues to investigate
the potential of deep learning in performing CBD.

To cope with the first issue, we create the Mashiki dataset, an airborne 3D
point cloud dataset developed using the data acquired after the 2016 Kumamoto
earthquake, and analyze the performance of mainstream deep learning methods
in detecting collapsed buildings.

To resolve the second issue, we develop Laplacian-Enhanced neural network
(LE-Net), a dedicated method for CBD. The core of LE-Net is Laplacian Unit
(LU), a module inspired by the nature of building damage. LU is designed to
enhance the useful discontinuities while suppressing the less useful ones.

Extensive experiments on the Mashiki dataset verify the effectiveness and
design choices of LE-Net. Moreover, its decision-making is explored through
visual explanation analysis. In addition, the computational efficiency, robust-
ness of LE-Net, and applicability to various scenarios are also examined. Fur-
thermore, the adaptability and transferability of LE-Net are validated using a
significantly different dataset.

The dissertation concludes with a discussion of limitations and future work.






Synopsis

Collapsed buildings should be detected immediately after the occurrence of
natural hazards for humanitarian assistance and post-disaster recovery. Air-
borne 3D point clouds are especially useful for this purpose as they precisely
record the height of buildings. Recently, deep learning has been extremely suc-
cessful in 3D point cloud processing. Despite its potential, the use of deep
learning in collapsed building detection (CBD) using 3D point clouds is largely
unexplored. Therefore, this research aims to explore the use of deep learning
for CBD using 3D point clouds.

Chapter 1 formulates the objectives of this research. Extensive literature
review and analysis show that there are two major problems that need to be
solved. The first problem is the lack of an appropriate dataset. The lack of a
dataset is a fundamental problem because deep learning requires a large-scale
and well-prepared dataset. Furthermore, this problem also makes it impossible
to investigate the potential of deep learning on CBD. The second problem is
that the deep learning models are yet to be adapted to CBD. CBD is a specific
application where clear assumptions can be made and implemented to improve
the model design. The absence of such a design may significantly limit the
performance. Accordingly, the objectives of this research are set: 1) the devel-
opment of an appropriate dataset and 2) the development of a dedicated model
for CBD.

Chapter 2 develops the dataset and performs benchmarking of some main-
stream algorithms. The field survey and airborne LiDAR point clouds obtained
after the 2016 Kumamoto earthquake are used as data sources to develop the
dataset. The dataset is termed the Mashiki dataset. We design a detailed
workflow consisting of five consecutive steps: 1) information extraction from
the field survey; 2) building GPS coordinates adjustment; 3) building annota-
tion; 4) visual interpretation of damage; and 5) filtering buildings. Next, we
benchmark several mainstream algorithms on the Mashiki dataset. The perfor-
mance of PointNet++-, the standard model for point cloud analysis, is carefully
investigated. The result reveals that PointNet++ fails to detect buildings that
show very few damage cues.

Chapter 3 elaborates on the development of Laplacian-enhanced neural net-
work (LE-Net), a dedicated method for CBD. The chapter begins with an

analysis concerning damage characteristics and the numerical representation
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of building damage. Based on the above analysis, the discrete Laplacian is
chosen as the tool to encode building damage because it successfully represents
various types of collapse patterns. However, it responds to all discontinuities
including less useful ones equally, lacking in selectivity. To resolve this prob-
lem, we propose Laplacian Unit (LU), a module designed to enhance the useful
discontinuities in preference to less useful ones. Specifically, such functional-
ity is realized by the newly introduced selectivity function that transforms the
discrete Laplacian in a trainable manner. As a result, we expect that the op-
timized Laplacian can extract enhanced spatial patterns of building damage so
that challenging collapsed buildings can be detected. Using LU as a core, we
construct a dedicated network called LE-Net to tackle CBD. LE-Net enhances
PointNet++ by integrating LUs at different stages of PointNet++-.

Chapter 4 performs comprehensive evaluations of LE-Net. In the first part,
we perform diverse experiments on the Mashiki dataset. Quantitatively, LE-Net
achieves the best overall performance and outperforms PointNet+-+ in terms
of all performance metrics. Qualitatively, LE-Net successfully detects collapsed
buildings that are completely missed by PointNet++, demonstrating its en-
hanced sensitivity to challenging buildings. Next, we validate the usefulness of
each component of LU. In particular, it is verified that the selectivity function
enhances collapse-related representations while smoothing out other unrelated
discontinuities, meeting our expectations. Visual explanation analysis is subse-
quently performed to reveal the decision-making of LE-Net. The result indicates
that LE-Net successfully locates various damage to buildings. Further, the com-
putational efficiency and robustness of the density variation are analyzed. The
applicability of LE-Net to a real-world scenario and ground deformation-related
damage is verified. In the second part, we validate the adaptability and trans-
ferability of LE-Net on a substantially different dataset. For this purpose, the
Haiti dataset is developed using data obtained after the 2010 Haiti earthquake.
As a result, LE-Net shows better adaptability compared with PointNet-++-. Fur-
thermore, LE-Net shows superior transferability by outperforming PointNet+ -+
in various situations.

The dissertation concludes with a discussion of limitations and future work.
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Chapter 1

Introduction

1.1 Background

Earthquakes have been one of the most catastrophic disasters that affect mankind
(Dong and Shan, 2013). One of the biggest threats that come from earthquakes

is building damage. Building damage refers to various kinds of damage that pos-

sibly affects the well-being of people who live in them. In particular, detecting

collapsed buildings are important because of their severe impact on the lives of
residents and their financial situations. In fact, a majority of injuries and deaths

result from building collapse in most earthquakes (Schweier and Markus, 2006).

Therefore, detecting earthquake-induced collapsed buildings is crucial after an

earthquake for humanitarian assistance and post-disaster recovery.

The most basic way to identify collapsed buildings is the field survey. Dur-
ing the field survey, trained investigators visit buildings directly to determine
the damage level of the target buildings. However, conducting field surveys
is difficult immediately after an earthquake because the locations of collapsed
buildings are uncertain. In such situations, an approach that can rapidly de-
tect collapsed buildings is necessary for an effective rescue. Fortunately, remote
sensing techniques can provide a rapid and low-cost way to detect collapsed
buildings on a large scale; therefore, it remains the most popular type of ap-
proach to collapsed building detection (CBD).

Among various types of data obtained through remote sensing techniques,
the most frequently used one for CBD is the image. Remotely sensed images
include images such as satellite images or aerial images which are captured by
cameras mounted on an aircraft. The most traditional method for CBD using
images is visual interpretation. Visual interpretation in general can obtain good
results at the building level. However, it takes time and requires trained human
operators, and thus it is unsuitable for rapid damage assessment. To reduce the
workload, various automatic damage detection methods are proposed. Methods

ranging from image enhancement to modern machine learning techniques have
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been successfully applied to disaster images to achieve efficient CBD. Recently,
motivated by the massive success in fields such as computer vision and natu-
ral language processing, deep learning techniques have been applied to CBD
and have shown impressive performance in detecting collapsed buildings using
images.

On the other hand, point clouds obtained by airborne laser scanning are es-
pecially fitting to CBD because of their ability to record building heights with
high accuracy. Unlike methods like Structure-from-Motion and oblique images
which requires massive numbers of images or expensive computation to generate
point clouds from images (Liu et al., 2022), laser scanning can rapidly acquire
point clouds at a large scale. Compared with images that can only show the
top-down 2D nature of buildings, the additional height information enables the
analysis of the 3D nature of buildings. This is vital because some collapsed
forms are extremely difficult to identify in 2D space but can be identified rel-
atively easily in 3D space. Such an example is shown in Figure 1.1. Roughly
speaking, the height information is useful in three ways: 1) the building height
itself is a useful indicator for detecting collapse. As can be seen from the figure,
the non-collapsed building (the top row) is usually taller than the collapsed one
(the middle row); 2) the height information can also be used to detect collapsed
buildings that cannot be detected easily by images (the middle row); 3) As
shown in the bottom row, the height information also helps to identify building
with significant structural failure but withstand total collapse. Although there
exist some approaches that detect collapsed buildings using point cloud, includ-
ing pre-post event change detection (Moya et al., 2018) and geometric analysis
of post-event point clouds (Rehor et al., 2008; He et al., 2016b), the approach
that adopts deep learning techniques are lacking. Given the advantages of 3D
point clouds and the state-of-the-art performance of deep learning techniques,
we believe that the combination of these two elements can significantly advance

automatic CBD and provide valuable insights for future research.

1.2 Related Works

In this section, we review the related works to provide the basic technical back-
ground for this research so that the contributions made by this study can be
clearly identified. The section begins with a review of existing CBD methods.
Specifically, image-based methods are introduced because they are the most

common approach for CBD. Then, point cloud-based methods are introduced.
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FIGURE 1.1: The comparison between an aerial image and 3D
point clouds of non-collapsed and collapsed buildings. Top row:
a non-collapsed building. The second and third rows: collapsed
buildings. The “Reference” column shows the aerial images (pro-
vided by Cheng, Satoh, and Matsuoka (2018)) of the buildings
for reference purposes. The “Top-down” column shows the top-
down view of the point clouds while the “profile” column shows
the profile view of point clouds. Green, brown, and blue points
represent points of the non-collapsed building, collapsed build-
ing, and background, respectively. The red boxes indicate the
target building and the red arrow indicates the inclination. As
can be observed, detecting collapsed buildings is challenging from
the aerial images due to the lack of height information.
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Next, we provide the technical background of deep learning—based point cloud

processing techniques.

1.2.1 Collapsed building detection
Image-based methods

Satellite and aerial images are the most frequently used types of data thanks
to their large coverage and relatively low cost (Tong et al., 2012). The earliest
approach for damage detection is visual interpretation. Gamba and Casciati
(1998) improves the detection accuracy with the help of the geographic in-
formation system. Saito et al. (2004) extracts collapsed buildings using three
satellite images that are taken before and after the event. Yamazaki, Yano,
and Matsuoka (2005) identifies destroyed buildings with a single QuickBird
panchromatic image. Visual interpretation is accurate because human opera-
tors interpret and determine the damage level of the building directly. However,
it is time-consuming due to the large number of buildings to be examined. Fur-
thermore, it is challenging even for human operators to identify the types of
collapse that cannot be easily identified from 2D images (see Figure 1.1).

To achieve efficient detection, automatic image processing techniques are in-
troduced to CBD extensively. For instance, numerous methods are designed to
handle co-registered pre-event and post-event images. Kohiyama and Yamazaki
(2005) detect the damaged regions using Terra-ASTER images that have 15m
resolution. Their method models the fluctuation of the digital numbers as ran-
dom variables based on pre-event images. The deviation of digital numbers in
the post-event image is calculated and converted into confidence levels, showing
the surface changes due to the earthquake. However, it is sometimes difficult
to determine whether the detected damage is caused by collapsed buildings or
dusty roads due to the coarse resolution. Sakamoto et al. (2004) proposes to
detect geographical changes by non-linear mapping using QuickBird images. In
this method, the post-event data is nonlinearly mapped onto the pre-event im-
age and the resulting matching scores are used to estimate the damage grade.
Moreover, Miura, Modorikawa, and Chen (2011) uses the texture characteris-
tics to detect damaged buildings using the pre-event QuickBird and post-event
WorldView-2 images. Synthetic Aperture Radar (SAR) is also frequently used
because of its high sensitivity to height changes. Matsuoka and Yamazaki (2004)
find that the damaged areas show significantly lower backscattering coefficients
and intensity correlations calculated from pre- and post-event SAR images. An

automatic discriminant analysis method is developed subsequently, and it is
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further revised and applied to different earthquakes (Matsuoka and Yamazaki,
2005).

Since pre-event data are not always available, damage detection using only
post-event data is generally preferred. For example, some methods use edge and
texture information to characterize and detect collapsed buildings. Sugiyama
and Abe (2002) detect the damaged areas based on the assumption that dam-
aged areas contain more edges whose orientations follow a certain distribution.
Vu, Matsuoka, and Yamazaki (2005) developed a method that can detect dam-
aged buildings using post-event IKONOS and QuickBird images with an ac-
curacy of 80%. Yamazaki, Vu, and Matsuoka (2007) combine the edge-based
textures, multispectral gray tone, and spatial relationship from morphological
scale-space and infer the damage level by measuring the degree of overlap be-
tween detected debris and retained building areas.

Motivated by the tremendous amount of available data, machine learning
techniques are successfully applied to CBD. For instance, Gerke and Kerle
(2011) use the conditional random field and AdaBoost for damage classifica-
tion. In their approach, airborne oblique, multi-perspective Pictometry data
are used and the entire procedure is split into two steps: 1) supervised classifi-
cation into facades, intact roofs, destroyed roofs, and vegetation with 22 image
features, and 2) combining the results from different views into building-wise
damage scores. Cooner, Shao, and Campbell (2016) evaluate the effectiveness of
multilayer feedforward neural networks, radial basis neural networks, and Ran-
dom Forests in detecting damaged buildings. In their work, various textural
and structural features are investigated as key variables. They show that the
multilayer feedforward network is able to achieve an error rate lower than 40%
in detecting collapsed buildings and spatial features are far more important in
terms of classification than spectral information. Vetrivel et al. (2016) develops
a method that performs grid-level damage classification based on Visual-Bag-of-
Words (BoW) and it is compared to several conventional supervised classifiers
with commonly used features.

Recently, the massive success of deep learning and convolutional neural net-
works (CNN) (Krizhevsky, Sutskever, and Hinton, 2012) has triggered its ap-
plication to CBD. Deep learning techniques are generally preferred over con-
ventional machine learning methods like Suppor Vector Machines and Random
Forests because they do not need hand-crafted features for input and perform
generally better than them. Its applicability is quickly proven in remotely sensed
image processing (Castelluccio et al., 2015; Maggiori et al., 2016), which guaran-

teed its success in detecting collapsed buildings as well. For instance, Bai et al.
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(2017) propose a deep learning—based framework damage recognition method
using post-event SAR images. Their method has achieved an accuracy of about
80% and its applicability in time-critical situations is validated. In the work of
Kamagatani and Matsuoka (2017), a CNN is constructed to identify damaged
buildings using aerial photographs. In addition, estimated seismic intensities at
the location of buildings are combined with the input of CNN to enable a more
comprehensive understanding of damage. Their result suggests that a detailed
estimation of building damage based on damage probability is possible. Ci,
Liu, and Wang (2019) proposes a method that is a combination of a CNN and
ordinal regression, which is motivated by the ordinal nature of damage grades.
Hamaguchi, Sakurada, and Nakamura (2019) adopts a method that learns the
disentangled feature representation so that rare events can be detected and
its effectiveness is validated comprehensively on four change detection datasets.
Naito et al. (2020) construct a model based on bag-of-visual-words and CNN and
compared them. Notably, the models classify building damage into four damage
categories. Their result shows that CNN is a better classifier that can achieve
accuracy ranging from 66% to 81%. The introduction of xBD dataset (Gupta
et al., 2019), a large-scale dataset containing various disaster-affected buildings
from different satellites, has further boosted the trend. Weber and Kané, 2020
analyze the problem framing, data processing, and training procedures which
are specifically helpful for CBD using the xBD dataset. As a result, their in-
sights lead to substantial improvement over the xBD baseline models. Gupta
and Shah (2020) constructs a CNN with a new loss function that can simulta-
neously segment buildings and perform building-level damage assessment in an
end-to-end fashion. On the other hand, Shen et al. (2021) propose a two-stage
method in which buildings are localized in the first stage and classified in the
second one. Moreover, they propose a cross-directional attention module to
specifically exploit the correlation between pre- and post-event images.

A general categorization of image-based methods is shown in Figure 1.2.

Point cloud—based methods

Airborne Light Detection And Ranging (LiDAR) systems can rapidly capture
information about buildings in the form of 3D point clouds. Captured point
clouds possess precise height information of buildings; therefore, they are espe-
cially useful for detecting collapsed buildings. Taking advantage of this, vari-
eties of methods are proposed to detect collapsed buildings through geometric
analysis. For example, Rehor and Béahr (2006) perform the segmentation of pla-

nar surfaces and classify Delaunay-based triangulated irregular network (TIN)
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FIGURE 1.2: A general categorization of image-based CBD. Top:

visual interpretation of collapsed buildings by human operators.

Middle: CBD using image processing techniques such as texture

analysis and conventional machine learning using hand-crafted

features. Bottom: CBD using deep learning without hand-
crafted features.
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segments into undamaged and damaged elements. In their method, the ex-
tracted debris is treated as damaged parts and shows that clear assumptions
can be made for damaged buildings. In Rehor et al. (2008), to detect building
damage, the random sample consensus (RANSAC) and region-growing method
are applied to digital surface models. As a result, they show that the region-
growing algorithm is more fitting to damage detection compared to RANSAC.
Labiak et al. (2011) develops a slope threshold method for detecting damaged
points where they assume that points in non-damaged roofs have constant slopes
whereas damaged roof surfaces present varying slopes. Yonglin, Lixin, and Zhi
(2010) compute the geometric axis of a flat or symmetric roof and detect in-
clined roofs by calculating angles between the geometric axis and vertical line
using empirical thresholds. Fernandez Galarreta, Kerle, and Gerke (2015) pro-
pose an object-based image analysis for damage assessment. The detailed point
clouds are generated using the unmanned aerial vehicle (UAV) multiview im-
ages and features derived from local covariance analysis are used to assess the
damage. He et al. (2016b) propose a contour-cluster—based 3D shape descrip-
tor that can detect both surface roof and structural damage from airborne 3D
point clouds. Their method is based on the assumption that intact roofs show
compact and regular contour patterns whereas damaged roofs show jagged and
irregular contours.

Change detection can also be applied to point cloud-based CBD. Moya et al.
(2018) perform change detection using a pair of airborne LiDAR~derived DSMs.
The obtained distribution of the collapsed buildings in the study area shows
good correspondence with the field survey conducted after the event. Their
findings also show that the change in average elevation within building footprints
is the most important factor for detecting collapsed buildings. However, the
change detection using LiDAR for CBD is difficult to apply in practice because
of the scarcity of pre-event LiDAR data.

Machine learning approaches are also proven useful in detecting building
damage using point clouds. In the work of Elberink et al. (2011), the segmenta-
tion is performed to group points into planar segments. For each segment, var-
ious geometric and radiometric features such as planarity are computed. Using
those attributes, the final classification is performed using maximum entropy
modeling. Khoshelham and Oude Elberink (2012) also presents a segment-
based approach to detecting damaged building roofs in airborne point clouds.
The methods first perform segmentation and group points into planar segments.
Then, the feature extraction is followed by supervised classifications using clas-

sifiers such as the linear discriminant classifier. Khoshelham, Oude Elberink,
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and Xu (2013) also performs segment-based methods and reveals that feature
selection improves classification accuracy when the number of training samples
is few. Vetrivel et al. (2015) detects damaged regions by detecting and classi-
fying gaps that are present in the airborne oblique images generated by point
clouds. They assume that the gaps are related to physical damage and image
artifacts and understanding them can be helpful to identify damaged regions.
Their method successfully delineates buildings from a point cloud and classifies
the present gaps. Subsequently, the features are extracted and damage mapping
is performed using Support Vector Machines and Random Forests, resulting in
95% correctly identified damage regions.

A simple categorization of the point cloud—based CBD methods is shown in

Figure 1.3.
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F1GURE 1.3: Categorization of point cloud—based CBD meth-
ods.

1.2.2 Deep learning for 3D point clouds
Deep Learning

Deep learning, which is a subset of machine learning, is inspired by how infor-
mation is processed in the human brain. Therefore, deep learning algorithms
are commonly referred to as deep neural networks (DNNs). DNNs consist of
multiple layers and each layer comprises neurons, which are the basic compu-
tation unit of neural networks with learnable parameters. The input data is
passed to the neural networks and go through all layers. Whenever data goes
through a layer, it is transformed by a layer, obtaining a different representation
of the input data (Alzubaidi et al., 2021). The last layer of DNNs is usually

a layer that performs a specific task. For example, if the task is to classify
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an input image, the last layer would be a classification layer that produces the
scores on which the decision can be based. Given input data and output ground
truth, DNNs are optimized by training. This training process is usually done
using backpropagation that propagates the error back to each computation unit
of DNNs (Rumelhart, Hinton, and Williams, 1986). The initial error signal is
generated by calculating the deviation between the output of DNNs and ground
truth, and it is subsequently propagated to each neuron of DNNs using the chain
rule. At each neuron, their parameters are adjusted by gradient descent so that
the update of parameters can make the error smaller. By repeating this pro-
cess numerous times, DNNs are “trained” to perform a task. One particularly
nice characteristic of DNNs is that they do not need to transform input data
into features in a hand-crafted manner before feeding data into the networks.
A good feature extractor requires careful engineering and considerable domain
expertise (LeCun, Bengio, and Hinton, 2015). For example, the height from
the ground may be a useful feature that can be used for detecting buildings;
therefore, “the height from the ground” feature must be computed by human
operators before feeding it to algorithms. Conversely, DNNs are able to pro-
cess the raw data and learn the suitable representations of data automatically
through training. This trait enables an end-to-end optimization process where
only the least amount of human intervention is needed. This process, of course,
needs a tremendous amount of data from which DNNs can learn useful patterns
and huge computation power. These conditions are met by the introduction
of big datasets such as ImageNet (Deng et al., 2009) and advanced computa-
tion hardwares (Krizhevsky, Sutskever, and Hinton, 2012). The impact of deep
learning has reached many scientific fields including but not limited to image
recognition (Krizhevsky, Sutskever, and Hinton, 2012; Farabet et al., 2012),
speech recognition (Hinton et al., 2012a), natural disaster forcasting (Nevo et
al., 2019), and drug discovery (Chen et al., 2018). In particular, it is reported
that the performance of DNNs has beaten that of humans on tasks such as
image classification. Based on those facts and the unprecedented progression of
deep learning, it is estimated that DNNs are going to be able to do everything

eventually.

Convolutional Neural Network

CNN is a particular branch of DNNs that mainly deals with image recognition.
It has become famous in the context of computer vision since its huge success in
the ImageNet Large-Scale Visual Recognition Challenge in 2012 (Krizhevsky,
Sutskever, and Hinton, 2012). The work of Krizhevsky, Sutskever, and Hinton
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(2012) is a breakthrough that used the CNN to almost halve the error rate
for object recognition, which triggered a rapid adoption of deep learning by
the computer vision community (LeCun, Bengio, and Hinton, 2015). CNN’s
success mainly comes from two sources: 1) advanced computation hardware
and software that support massive computation and learning capacity and 2)
assumptions on the nature of data, i.e., images, which are stationarity of statis-
tics and locality of pixel dependecies (Krizhevsky, Sutskever, and Hinton, 2012).
CNN also adopts equivalent representations, sparse interactions, and parame-
ter sharing (Goodfellow, Bengio, and Courville, 2016), making CNN easier to
train and robust to overfitting. A typical CNN consists of several types of
layers/functions: 1) convolution layers that are responsible for feature learn-
ing, 2) pooling layers that are responsible for feature aggregation, 3) activation
functions that are responsible for adding nonlinearity to features, and 4) a clas-
sification/regression layer which performs the task. These types of layers are
flexibly stacked and combined to construct various types of CNNs. Although
there might be infinite combinations of those layers, there are several archi-
tectures that are widely acknowledged by researchers. They are but are not
limited to 1) AlexNet (Krizhevsky, Sutskever, and Hinton, 2012) which first
adopts Dropout (Hinton et al., 2012b) and ReLU (Nair and Hinton, 2010);
2) VGG (Simonyan and Zisserman, 2014) which improves the performance by
substantially increasing the depth of the network and adopts the small filter
sizes; 3) GoogLeNet (Szegedy et al., 2015) that introduces the combination of
different filter sizes; 4) Inception-V4 (Szegedy et al., 2017) that introduces di-
vided transforms and integration concepts; 5) ResNet (He et al., 2016a) that
constructs extremely deep architectures while preventing overfitting by novel
residual connections; and 6) SE-Net (Hu, Shen, and Sun, 2018) that introduces
the channel attention mechanism which is used to rescale the features. Those
architectures are not only influential in their own fields but are also transferred

and adapted to other fields like 3D point cloud processing.

Multiview-based method for 3D point clouds

CNNs are extremely effective in dealing with structured data such as images;
however, they cannot be directly applied to 3D point clouds due to their un-
structured nature. In order to cope with the problem, Multiview-based methods
project a 3D shape into multiple views and extract view-wise features followed
by aggregation to perform feature learning. Although multiview processing can
be done by CNNs, how to aggregate those views into a global representation

becomes a key challenge for this type of method. Su et al. (2015) aggregates
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the multiview features by the max-pooling. However, it is argued that the max-
pooling only extracts the maximum feature, thus leading to information loss.
Yu, Meng, and Yuan (2018) uses a harmonized bilinear pooling to produce a
compact global descriptor. Yang and Wang (2019) propose a method that effec-
tively models the interconnecting of different viewpoints, resulting in reinforced
individual view information. Wei, Yu, and Sun (2020) considers the multiple
views as different graph nodes. Graph convolutions, non-local message pass-
ing, and selective view sampling are utilized for feature learning on constructed
graphs features from all levels are aggregated by max-poolings into a global
feature vector. Recently, Hamdi, Giancola, and Ghanem (2021) tackles the
problem of heuristically set viewpoints and proposes to learn those viewpoints.

Despite that these methods can inherit 2D CNNs from image processing

directly, multiview-based methods lose information by projection.

Voxel-based method for 3D point clouds

On the other hand, 3D point clouds can also be converted to 3D grids, namely
3D voxels. The conversion makes it possible to extend 2D CNNs to 3D CNNs.
For instance, Maturana and Scherer (2015) introduce volumetric Occupancy
Grid representation and combines it with 3D CNNs. As a result, efficient point
cloud labeling is achieved. Wu et al. (2015) propose a convolutional deep belief-
based 3D ShapeNets to learn various 3D shapes. The method learns to model
those shapes as a probability distribution of binary variables on voxel grids. Al-
though the above methods can use matured CNN architectures, they typically
incur significant computation costs because their memory footprint increases
cubically with the resolution, making them less scalable. To cope with this
problem, Riegler, Osman Ulusoy, and Geiger (2017) partitions a point cloud
using an octree structure hierarchically so that a scene can be represented with
several octrees along a grid. Wang et al. (2017) propose O-CNN, an Octree-
based CNN for 3D shape classification. The network receives the average normal
vectors computed in the finest octants as input and 3D CNN is applied to oc-
tants occupied by the shape. Consequently, OctNet requires much less memory
and running time compared to a baseline with dense input grids as input. Le
and Duan (2018) propose a method that combines both the point and grid rep-
resentations for efficient processing. Within each embedding volumetric grid, a
fixed number of points is sampled. Therefore, geometric details of points can

be extracted by applying 3D convolutions to them.
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Point-based method for 3D point clouds

Different from multiview-based methods or voxel-based methods, point-based
methods can handle raw point clouds without any projection. This is desirable
because it can avoid the loss of fine-grained geometry due to projections. How-
ever, the unstructured nature of point clouds must be dealt with in order to
consume raw point clouds. The pioneering work is PointNet (Qi et al., 2017a).
The key innovations of PointNet are the use of per-point shared multilayer per-
ceptrons (MLPs) and the symmetric function (e.g., max-pooling). The above
two functions naturally solved the aforementioned problems because they are
both set operations and permutation-invariant, meaning that the output does
not change when the input point order is changed. The symmetric function, on
the other hand, is also invariant to the point order, and thus it is suitable to

point cloud processing.

. Prediction
Optimize W, and W,

X #Training iterations

Ground truth

FI1GURE 1.4: A simple illustration of MLP in the context of point
cloud analysis. An MLP transforms the input feature of a point
to class scores with multiple layers of nonlinear transformations.

Here we first provide an intuitive example to explain how MLP, the core of
PointNet, works in detail. As shown in Figure 1.4, an MLP is defined as a fully-
connected neural network that receives an input feature of a point ¢ and pro-
duces an output feature for this point. An MLP has at least three layers includ-
ing input, intermediate, and output layers. Using the example from the above
figure, the input feature is f* = (x;, s, 2;), the intermediate feature is f™¢ =
(a;, bi, ¢i, d;), and the output one is ff* = (SCoreBackground, SCOTENon—collapseds SCOTE€Collapsed) s

which are scores for each class. In this context, a 3-layer MLP can be expressed
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mathematically as follows:
=0 (Wa- [ where f"* =0 (Wy- fi"). (1.1)

where W, € R*3 and W, € R3** are trainable linear transformations and o(-)
is a nonlinear activation function. Though many activation functions exist, we
use Rectified Linear Unit (ReLU) (¢ = max{x,0}) for our default activation

function in this study. ReLU is shown in Figure 1.5. Moreover, here we omit
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FIGURE 1.5: Ilustration of ReLU.

biases and common functions like Batch Normalization (Ioffe and Szegedy, 2015)
for simplicity.

We describe the internal structure of PointNet in Figure 1.6. As shown in
the figure, PointNet repeatedly applies (shared) MLPs to input points features.
Then, the global feature (z,00;) of the input point cloud is obtained by applying
the max-pooling, which is a symmetric function. Specifically, max-pooling is
a function used for information aggregation. The detailed procedure of max-
pooling is shown in Figure 1.7. The resulting global vector contains per-channel
maximum aggregated from all points. Therefore, 2,0, describes the global char-
acteristics of the input point cloud and thus it can be used to perform suitable
tasks such as classification.

Despite its simplicity, PointNet performs exceedingly well in various point

cloud-related tasks.
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FIGURE 1.6: Structure of PointNet (Qi et al., 2017a). PointNet
applies MLPs to input point features individually and aggregates
information from all points using max-pooling.
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FI1GURE 1.7: Detailed process of max-pooling. Max-pooling ap-
plies the max function to each channel. The resulting vector
holds the per-channel maximum.
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PointNet++ (Qi et al., 2017b) is a significant extension of PointNet. Point-
Net by nature does not capture the local structure of point clouds. However, as
proven by the tremendous success of CNN, exploiting local structures/patterns
are important for improving performance and generalizability. Therefore, Point-
Net++ introduces a hierarchical framework in which local patterns are kept
abstracted along the hierarchy. In the following, we introduce the segmen-
tation version of the architecture of PointNet++ in detail as this work uses
PointNet++ extensively. The overall architecture of PointNet++ is shown in
Figure 1.8. PointNet++ adopts the typical encoder-decoder architecture like

Layer #point  Feature dim. Operation

Encoder 1 N RN>3 s RNVxd Group MLP

Encoder 2 % R% >4 — RY *2d Down-sampling, Group MLP
Encoder 3 % R *2d _y R >x4d Down-sampling, Group MLP
Encoder 4 % R§*4d _y R >x8d Down-sampling, Group MLP
Decoder 1 g R 2 5 RT*4  Up-sampling, MLP

Decoder 2 y R4 — R>*2  Up-sampling, MLP

Decoder 3 N RN>x2d _y RNxd  Up-sampling, MLP
Classification N RV*d 5 RV*C MLP

TABLE 1.1: Detailed information of PointNet---+ architecture.
C denotes the number of classes.

U-Net (Ronneberger, Fischer, and Brox, 2015). It first downsamples the input
point clouds to perform multi-scale learning. The major component that is re-
sponsible for feature learning is the Group MLP module. The idea of the Group
MLP module is illustrated in Figure 1.9. Specifically, for a center point, the
Group MLP module uses the k-nearest-neighbor (kNN) algorithm to collect its
neighbors. An MLP is subsequently applied to each point of the neighborhood
and aggregated by max-pooling. Formally, let p; € R?, f; € denote the 3D co-
ordinates and the feature of point 7. Further, let A/(7) denote the neighborhood
gathered by kNN. The Group MLP can be expressed as:

f = max({MLP (p; —pi | fi) | 7€ N@)}), (1.2)

where f?% € R%ut denotes the output feature, max denotes the max-pooling,
and || denotes the concatenation operation. MLP : R3t4 — Réout is an MLP.
The Group MLP module uses the relative position p; — p; in combination with
the feature to encode both geometry and semantics. Then, the output feature
is halved (down-sampled) to obtain a sparser point cloud for the next layer. By

doing this, the next kNN can gather farther neighbors with less computation,
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F1GURE 1.9: Hlustration of Group MLP module.

achieving efficient hierarchical learning. The dimension of the feature is doubled
after a Group MLP module so that the features can record increasingly more
information while reducing the number of points. The output of the encoder
is the sparse point clouds with high-dimensional features, which capture the
global as well as local characteristics of point clouds.

As we need a full-resolution point cloud with per-point class categories as
output, the features need to be reconstructed for those points missed due to the
down-sampling process. PointNet-++ adopts a similar strategy as U-Net which
reconstructs point features by interpolation assisted by skip connections from
the encoder. Concretely, a sparser level point cloud feature is interpolated to
the denser one by inverse distance-weighted interpolation. Subsequently, the
feature from the same level of the encoder is concatenated to the interpolated
features and transformed by an MLP. Formally, let f%"¢ denote the feature to

be reconstructed. Further, let f;7*"*° denote the input sparse point feature and

fdenseenc

; the The reconstruction process can be described as follows:

fiense = MLP (Interp (£ | f*=") (1.3)

(2

By repeating this procedure, PointNet++ recovers the full-resolution point
clouds with their features, enabling per-point predictions.

PointNet++ has become the standard network architecture for 3D point
cloud processing. Since then, the development of local aggregation operators,
i.e., local learners, become a hot topic in point cloud processing. Based on
PointNet++, several extensions are proposed. They are typically categorized
as Pointwise-MLP methods. For example, Zhang, Hua, and Yeung (2019) uses
concentric shells to enhance the local feature learner. It partitions the local
group into different shells and applies independent shared MLPs and symmetric
functions. Lan et al. (2019) projects local points onto canonical basis vectors
and performs independent transformations on those vectors. Qiu, Anwar, and

Barnes (2021) utilizes error-correcting feedback to capture the local feature more
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comprehensively. Qian et al. (2022) enhances PointNet+-+ directly by exploiting
advanced training strategies and architecture engineering. DGCNN (Wang et
al., 2019b) explicitly utilizes edges as additional features and performs MLPs
on the edge embeddings to better model local geometric structures. In Liu et al.
(2020), they investigate and compare different architecture components of point
cloud processing architectures.

Pseudo grid—-based methods create artificial convolution kernels to which
the points are projected. KPConv (Thomas et al., 2019), constructs a pseudo
grid where the grid points are uniformly placed in a ball. Since the pseudo
grid is structured, the standard convolution can be applied. Xu et al. (2021)
further extends KPConv by making pseudo grid learnable. In their approach,
the convolutional kernels are initialized by a random matrix and optimized
during training.

On the other hand, some methods predict the convolutional kernels on-the-
fly using some features. They are typically called adaptive weight methods.
PointCNN (Li et al., 2018) is among the first to achieve convolution on un-
structured point clouds. It performs the convolution by first reordering points
into a canonical order and then applying depthwise separable conovlution (Chol-
let, 2017). All operations are learnable. PointConv (Wu, Qi, and Fuxin, 2019)
dynamically generates a convolution filter for each local group. The relative
coordinates relative to the group center are used to produce the filter. Simi-
larly, Liu et al. (2019) produces filters using geometric features such as relative
positions, absolute positions, and euclidean distance. A categorization of local
aggregation operators are shown in Figure 1.10.

Inspired by the success of Transformers (Vaswani et al., 2017) in the NLP
field, many studies have tried to construct transformer-based methods for point
cloud data. Here, we focus on transformers that are designed for point cloud
segmentation. Since self-attention is a set operator, it can be straightforwardly
applied to point clouds. PAT (Yang et al., 2019) applies the original self-
attention directly to point clouds. PointASNL (Yan et al., 2020), on the other
hand, combines a point convolution with self-attention so that the network con-
siders local and global characteristics simultaneously. Point Transformer (Zhao
et al., 2021) applies vector attention to the local subset of points to better model
the local structure. Point-BERT (Yu et al., 2022) enhances the performance by
masked point modeling. Stratified Transformer (Lai et al., 2022) achieves effi-
cient modeling of long-range dependencies using the stratified strategy. Wang
et al. (2019a) uses edges as a descriptor indicating the relationships between

a center point and its neighbors. This idea is sometimes combined with the
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attention mechanism. Zhao et al. (2019) connect all points in the local region
and weigh them using vector attention. Xiu et al. (2022a) converts edges into
spatial weights in order to model the pairwise relationship between neighboring

points.

1.3 Objectives

In this section, we formulate the objectives of this research.

CBD research has been evolving rapidly these days. However, unlike fields
like computer vision, there exists no unified standard (e.g., benchmark datasets)
to compare the pros and cons of proposed methods in terms of their methodol-
ogy. This lack of standards results in significant methodological differences in
methods. For example, one method may require accurate building footprints
whereas the other does not. This is in fact understandable since each event
is independent of the others and the data availability and the quality of data
are extremely varying. To understand the requirements of various methods,
we categorize existing point cloud-based CBD research based on the following

standards:

e The use of pre-event data. As described in Section 1.2.1, many image-
based methods use pre-event data in conjunction with post-event data to
perform change detection. although the use of pre-event data can provide
reliable results, it is extremely rare that the pre-event LiDAR point cloud
is available in practice. Therefore, the use of pre-event data significantly
affects the usability of the methods.

e The use of building footprints/locations. Building footprints are useful in
because they can be used for extracting the buildings directly. However,
building footprints are rarely available in practice. Although countries like
Japan have prepared and made it public the building footprints for each
city, they are still unavailable or confidential in many countries. In such
cases, the building locations need to be identified by other means (e.g.,
annotation by human operators (World Bank - ImageCat Inc., 2010a)).
Therefore, the use of building footprints/locations is a vital factor that

we need to consider.

e The use of hand-crafted features. Using the hand-crafted feature is a
direct way to integrate prior knowledge into the design of the methodology.
For example, the planarity of point clusters/segments can reveal whether

the those points are smooth or not. On the other hand, hand-crafted
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features are not optimal since they are designed based on limited prior
knowledge. Therefore, hand-crafted features cannot universally cope with
an immensely complex reality. Therefore, methods that extensively rely

on hand-crafted features may work well in one case and fails in another.

TABLE 1.2: Strengths and weaknesses of point cloud-based CBD
methods.

‘ Change detection Geometric analysis Machine learning ‘ Deep learning

w/o  pre-
event data
w/o build-
ing  foot- v X v v
prints

w/o hand-
crafted fea- X X X 4
tures

X v v v

Table 1.2 shows the categorization result. Change detection—based methods
must have pre-event data to detect the changes after the event. Since they
typically use the whole point clouds as input, building footprints are not re-
quired. However, the identification of collapsed buildings still depends on some
hand-crafted thresholds and statistics which can be very different in another
event. For geometric analysis—based methods, they primarily attempt to de-
tect damaged buildings based on the geometry of post-event data, and thus
the pre-event data is not required. However, most of the geometric methods
directly take pre-extracted buildings as input. Therefore, building footprints
or locations must be available beforehand. Like the change detection method,
they also extensively rely on hand-crafted thresholds which require numerous
tiral and error to be determined. The machine learning methods, on the other
hand, do not require pre-event data or building footprints. Similar to the ge-
ometric method, machine learning methods also learn the data based on some
geometric or radiometric features. Since most methods take the entire points
as input, they do not require building footprints to be available. One drawback
of machine learning methods is that they depend excessively on the quality of
hand-crafted features. In their method, hand-crafted features are first deter-
mined and computed from the raw input. Then, the computed features are fed
into some classifiers to perform classification. Since the classifiers only receive
the computed features, their performance is directly correlated to the quality
of the features. In addition, since these methods perform segmentation before
classification, some hand-crafted parameters also need to be determined for the

segmentation as well.
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As can be observed, the existing conventional methods cannot meet the
listed conditions simultaneously. On the other hand, as shown in Table 1.2, deep
learning methods can meet the listed conditions at the same time. Deep learning
methods do not require the existence of pre-event data since they can be used to
learn the geometry of point clouds. They also do not require building footprints
as input because the task can be formulated as semantic segmentation (Weber
and Kané, 2020). As described in Section 1.2.2; one of the greatest advantages
of deep learning is that it learns the suitable feature representation from input
data directly; therefore, unlike conventional machine learning, it can be applied
directly to the raw data and the learned representations are more flexible and
powerful since they are optimized through training. Therefore, deep learning is
fairly suitable for CBD.

Despite the seemingly attractive characteristics of deep learning, and despite
the remarkable progression of deep learning-based point cloud processing, the
topic of deep learning-based CBD using 3D point clouds is largely unexplored.
Based on our surveys, we believe that the lack of a suitable dataset on which
DNNs can be trained prevents the further advancement of deep learning—based
CBD using 3D point clouds. Although the problem is easy to solve at a glance,
we note that the development of the dataset for point cloud—based CBD is rather
challenging because of two reasons: 1) unlike in image processing where object
annotations can be created relatively easily, producing ground truth data for
CBD is difficult because the earthquakes are rare and building damage needs to
be interpreted by domain experts and 2) even if the ground truth is available, the
available data may not be in a good form (e.g., GPS coordinates with systematic
and human errors), and they must be preprocessed into suitable forms so that
it can be used for developing datasets.

In addition, another correlated issue in deep learning-based CBD using 3D
point clouds is that there exists no dedicated method that adapts to CBD
based on some domain-specific prior knowledge for this task. Just like the
prior knowledge embedded in CNN has successfully produced a huge success,
we believe that integrating prior knowledge into CBD is necessary to achieve
better performance. Such knowledge would be useful especially when the data
is relatively scarce and difficult to collect, which is often the case for CBD.

Based on the above analysis, we set the objectives of this research as follows:

e Objective 1: Develop a suitable dataset for point cloud—based CBD and

analyze the performance of existing DNNs.
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e Objective 2: Develop a dedicated method for CBD by integrating domain-

specific prior knowledge into the model design. The resulting method
should be able to detect collapsed buildings with different structures, ap-

pearances, and collapse causes.

1.4 Contributions and Dissertation Outline

The contributions of this research are summarized as follows:

e A new and reliable dataset for 3D point cloud-based CBD is developed.

To the best of our knowledge, we are the first to create the 3D point
cloud dataset for CBD and benchmark some mainstream DNNs on the
developed dataset. The dataset and the analysis of benchmarking can

provide valuable insights to advance 3D point cloud-based CBD.

A new computation unit called Laplacian Unit (LU). LU selectively en-
hances the useful discontinuities like damage to buildings while suppress-
ing the less useful ones. Extensive experiments are performed to validate

the effect of LU and the effectiveness of its components.

A new method called Laplacian-Enhanced Neural Network (LE-Net) is
proposed to tackle CBD. Extensive analyses are performed to investigate

LE-Net concerning its strengths, weakness, efficiency, and robustness.

Dataset development and } : :
Chapter 2 benchmarking Objective 1

Dedicated method ]
Chapter 3 development

— Objective 2

FIGURE 1.11: Dissertation outline
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The outline of the dissertation is shown in Figure 1.11.

Chapter 2 presents how the dataset is developed and the analysis regard-
ing benchmarking results. We use the LiDAR and field survey data obtained
after the 2016 Kumamoto earthquake to create the dataset, which we call the
Mashiki dataset. Then, we benchmark several mainstream DNNs to measure
their performance. Among them, we choose PointNet++(Qi et al., 2017b), the
standard and widely acknowledged network for point cloud processing, to per-
form a detailed analysis and reveal that it further needs to be enhanced and
adapted to CBD.

Chapter 3 develops LE-Net, a dedicated method for CBD. We first perform
an in-depth analysis on the characteristics of building damage. Based on the
analysis, we develop LU that can selectively enhance/suppress discontinuities.
Using this LU as a core, LE-Net is constructed to tackle CBD.

Chapter 4 performs comprehensive experiments to validate the effectiveness
of LE-Net and LU. CBD is performed using the Mashiki dataset and the per-
formance of LE-Net is compared with benchmarking results. Various analysis
reveals that LE-Net outperforms other methods significantly. The LU’s effect
and design choices are also validated. In addition, visual explanation analysis is
performed to investigate how LE-Net understands the damage. The efficiency
and robustness against density variation are also validated. Subsequently, the
adaptability and transferability of LE-Net are validated using the newly created
Haiti dataset, which has substantially different characteristics compared to the
Mashiki one.

Chapter 5 provides succinct conclusions and discussion of the limitations of

this research. Further, some directions for future research are discussed.
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Chapter 2

Development of the Mashiki

Dataset and Benchmarking

2.1 Introduction

This chapter primarily deals with the problem that there is no suitable dataset
for point cloud-based CBD using deep learning. This is a crucial issue con-
cerning deep learning—based research. Deep learning—based research does not
advance without a suitable dataset because DNNs are excessively dependant
on data. Due to the absence of a dataset, the performance and behavior of
DNNs on point cloud-based CBD is still unexplored. Clarifying what DNNs
can achieve and cannot achieve is important for providing fruitful directions for
future research.

The chapter begins with the introduction of the study area where the dataset
is created and the data sources that are used for developing the dataset. Con-
cretely, the field survey data that is used for creating ground truth is described
and the LiDAR data is then briefly introduced. Next, the procedure of dataset
development is elaborated. After the dataset development, the characteristics of
the developed dataset are described using typical examples. Subsequently, the
CBD task is formulated and how it can be implemented technically is explained.
Then, the benchmarking is performed using the developed dataset. Specifically,
this section compares common DNNs for point clouds and investigates their
performance. Among those DNNs, we specifically choose PointNet++ as our
target of analysis because it is the standard framework for current point cloud
processing research. The strengths and limitations of PointNet++ are identified
in order to reveal the challenges it faces in CBD and provide fruitful research

direction. Lastly, we briefly summarize the findings derived from this chapter.
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2.2 Study Area and Data Source

In this section, we introduce the study area of this research. The field survey

and LiDAR data used for creating the dataset are subsequently introduced.

2.2.1 Study area

The study area selected in this study is Mashiki Town in Kumamoto Prefecture,
Japan. Mashiki Town was severely damaged by the 2016 Kumamoto Earth-
quakes. Specifically, we chose the central area of Mashiki—which is shown as
the green region in Figure 2.1—as the target area to create the dataset. The
entire area is about 4km?. Buildings in the surveyed regions were densely dis-
tributed, with most of them constructed using wooden materials. In terms

of appearance, from which DNNs are designed to learn, most buildings adopt

non-flat roofs such as gable and hip roofs.

FIGURE 2.1: The study area for developing the Mashiki dataset.

Red shaded area: LiDAR survey extent. Blue: the Mashiki Town

where surveys are carried out. Green: the central area of Mashiki
Town.

We choose Mashiki Town as a study area for two reasons. First, a compre-

hensive set of data after the 2016 Kumamoto earthquake is available, including



2.2. Study Area and Data Source 29

open LiDAR point clouds, aerial photos (aerial surveys and Google Earth his-
torical images), and a detailed field survey result. These reliable data enable
a comprehensive analysis of collapsed building detection. Moreover, Mashiki
Town is the only place where buildings in LiDAR point clouds can be paired
with a unique building ID in the field survey result. The extent of the LiDAR
data and study area are shown in Figure 2.1. Second, there are a vast number
of collapsed buildings due to the Kumamoto earthquake with various kinds of
collapse patterns and causes. This is a desired condition, especially for data-
hungry deep-learning models. Therefore, we believe that building models on
top of those collapsed buildings can produce a model with rich knowledge of
the collapsed buildings. We expect that training the model on the data obtained
from Mashiki Town makes the model generalizable to various collapse patterns

and causes of wooden buildings.

2.2.2 Field survey

During 14-16 April 2016, a series of earthquakes struck Kumamoto Prefec-
ture, Japan. The foreshock of M, 6.2 occurred on 14 April, followed by the
mainshock of M, 7.0 on 16 April. After the mainshock, the local govern-
ments of Kumamoto Prefecture performed a series of field surveys for assessing
the building damage, according to the “operational guideline for damage as-
sessment of residential buildings in disasters” issued by the Cabinet Office of
Japan (Cabinet Office of Japan, 2018). If a building was recognized as destroyed
(not necessarily collapsed), the type of collapse (i.e., story-collapse or not) was
determined by the field investigators (Kawabe et al., 2021). Photographs of the
target building were taken by investigators, and the building’s GPS coordinates
were recorded. The information collected in the field surveys used in this study
included the damage grade, photographs, and GPS coordinates of the surveyed
buildings. Damage grades are recorded in the survey sheet.

There are five grades included: “No damage”, “Slight damage”, “Moderate-
damage”, “Moderate+” damage, and “Major damage”. These are the dam-
age grades defined by Cabinet Office of Japan (2018). However, these damage
grades cannot be used directly because they are defined based on the damage
to various parts of a building and the final grade is calculated by accumulating
damage scores from all parts (Xiu et al., 2022b). The problem with this calcu-
lation is that the major portion of accumulated scores comes from the damage
to the building foundation and walls as they are important structural elements
in a building. However, the main visible part of a building in the airborne Li-

DAR point cloud is the roof. Since the roof damage does not correspond well to
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the actual damage grade, we need to perform a reclassification of grades such
that the resulting grades are suitable for point cloud-based CBD. This will be
introduced in the following section.

The simplified recording sheet is shown in Figure 2.2. Field survey results

and recorded GPS coordinates are demonstrated in Figure 2.3.

Date

Owner info.

Building info.
Investigator info.

Building address

Building location map

Damage grade

No Slight Moderate- || Moderate+ Major

FIGURE 2.2: Example of the (simplified) recording sheet. The
damage grade of the target building is marked by a red marker.
In this case, the damage grade of the building is “Major damage”.

2.2.3 LiDAR point clouds

In this study, we use the post-mainshock LiDAR dataset acquired on 23 April
2016 (Chiba, n.d.) by Asia Air Survey Co., Ltd. (Chiba, Japan). It covers
the western half of the rupture zone. The airborne survey was conducted,
which generated 3-4 points/m? point clouds (Moya et al., 2018). The major
visible part of a building is the roof. For brevity, the post-mainshock data
are called post-event LiDAR in this study. The point cloud data of the study
area are extracted from the original data using the area footprint provided by
the Geospatial Information Authority (GSI) of Japan. The visualization of the
LiDAR data of the study area is shown in Figure 2.4.
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2.3 Dataset Development Workflow

We design a workflow for developing the dataset. The overview of the workflow

is shown in Figure 2.5.

2.3.1 Information extraction

As shown in Figure 2.5, the first step is to extract the damage information.
Damage grades and descriptions, as well as the collapse type, are collected dur-
ing field surveys using recording sheets. An example of the simplified recording
sheet is shown in Figure 2.2. These recording sheets are digitized by investiga-
tors and stored with photographs taken during the surveys.

Since there are numerous buildings included in the field survey, we need a
method that can extract damage grades automatically. The key idea is that the
damage grade of the target building is marked in red (see Figure 2.2). Since the
positions of the texts indicating damage grades are fixed and the recording sheet
is tied to the building’s unique 1D, the damage grades for each building can be
extracted if the red region is detected. To this end, we develop a damage grade
extraction algorithm that extracts the red-colored region and assigns buildings
their damage grades automatically. The algorithm is shown in Algorithm 1. In
essence, it recursively takes a recording sheet image and extracts its damage
grade, which is a red-shaded area, using OpenCV (cv2) and NumPy (numpy)
libraries in Python programming language. In particular, the red-shaded areas
are extracted by first converting the image (the part the contains the damage
grade part in the recording sheet) from RGB to HSV space so that the red
region can be more easily separated from other regions. The damage grade is

recognized by the position of the red-shaded area.
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FIGURE 2.4: Visualization of post-event LiDAR. data used for
developing the Mashiki dataset. Points are colored by their ele-
vation values.
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Algorithm 1 Python-style automatic damage grade extraction from recording
sheets.
1: import cv2, numpy as np

2: n = number of buildings

3: pos = |posNo, posSlight, posMod-, posMod+, posMajor]

4: 0 = 40

5. DmgGradeList = ||

6: for n iterations do

7: SheetImage = LoadSheetImage(ithImageFilePath)

8: DmgPart = ExtractDamageGradesPart(SheetImage)

9: DmgPart = cv2.cvtColor(DmgPart, ¢cv2.COLOR_BGR2HSV)

10: mask = cv2.inRange(s, np.array([90 - 4, 70, 50]), np.array (|90 + 0, 255,
255]))

11: idxH, idxW = np.where(mask==255)

12: v = np.median(idxW)

13: DmgGrade = np.argmin(np.abs(pos - v)) + 1

14: DmgGradeList.append(DmgGrade)

15: end for
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2.3.2 GPS coordinate adjustment

The residential buildings in the surveyed areas are densely distributed. The
recorded GPS coordinates, therefore, do not always precisely correspond to
the correct buildings, because of various factors (e.g., systematic errors or hu-
man errors). To eliminate possible erroneous parings of the buildings and their
coordinates, we manually adjust every GPS coordinate. The overview of the
procedure is depicted in Figure 2.6. The building point clouds are converted to
2.5D point clouds and visualized along with building GPS coordinates in QGIS.
Then, the GPS coordinates are manually moved to the top of the corresponding
buildings. In the case of uncertain pairings, we identify the correct buildings
by comparing in situ photographs of the buildings, which are tied with GPS

coordinates using IDs, and Google Earth historical images.

Original
I_ field survey
ﬁ GPS coord.
o

Target building

In situ photo

_

P
Original GPS
P

Manual

correction

' GPS coord.
Corrected GPS ﬁ -
-

Google
Earth

Target building

v | Refined
field survey

FIGURE 2.6: GPS coordinates adjustment procedure.

2.3.3 Building annotation

The overview of the procedure is shown in Figure 2.8. The adjusted coordi-
nates are used to locate the corresponding buildings in post-event LiDAR point
clouds. Specifically, for each coordinate, we use it as the center and extracted
all points within a 10m square window (with infinite elevation) out of the whole
point clouds to visualize using Python PPTK library. Then, the building part of
the point clouds is annotated manually and stored in the NumPy Array format.

The boundary ambiguities between buildings and other objects are resolved by
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visually assessing backscattered intensities, in situ photos, and Google Earth
historical images. Note that the buildings are observed by airborne sensors,
and thus, the information of the structures that are below roofs is extremely
limited. Furthermore, the debris of collapsed buildings is excluded, in order to
minimize possible incorrect annotations. In the case of fully collapsed build-
ings, we observe that their roof remained either structurally intact or partially
deformed, and thus, their roofs are also annotated. In other words, all of the
extracted building data consist of either structurally damaged roofs in the case
of collapsed buildings or structurally intact roofs for other buildings (these roofs
may contain surface damage).

Subsequently, we extract the building point clouds, along with their contex-
tual information, which we call the building patch. An initial bounding box is
computed using the annotated building roof, and subsequently, the longer side
of the bounding box is chosen as the size of the square bounding box for patch
extraction. Finally, the square bounding box is uniformly dilated with a buffer,
in order to increase the amount of surroundings information. In this study, the
buffer is set as 2 m.

Concerning implementation, we have developed a simple browser-based an-
notation tool based on Jupyter Notebook for efficient annotation. The overview

and the workflow of the annotation tool are shown in Figure 2.7.

2.3.4 Visual interpretation

It is common practice to use visually interpreted building damage using aerial
images as reference data to train the DNNs for emergency mapping (Miura,
Aridome, and Matsuoka, 2020; Naito et al., 2020). Therefore, we visually in-
terpret the post-event LiDAR dataset, in order to extract collapsed buildings,
according to the damage pattern chart proposed by Okada and Takai, 2000.
For reference, the damage pattern chart is shown in Figure 2.9. Specifically,
the “D5” buildings are classified as “Collapsed” class. Note that we only visu-
ally interpret and classify the building point clouds that are initially classified
as “Major damage” (not necessarily collapsed) buildings by field investigations
into either the “Non-collapsed” or “Collapsed” classes. Subsequently, buildings
that are not classified as “Major damage” by the field investigations are labeled
as “Non-collapsed”. Then, we assign damage classes to corresponding building
roofs in building patches and labeled the remaining points as “Background” (see
Figure 2.8).



2.3. Dataset Development Workflow

37

' Jupyter annotation_v5 fusaved changes) A
File Edlit View Insert Cel Kermnel Widgets Help Not Trusted |m (=]
B+ % BB 4+ HAn B C P coe v =

annotation

In [1321): # no damage
b1l = v.get('selected'})
annotation = make_label v2{fn, b_1,b_2,b_3,b_d,b 5, b_6, ground, non_ground,
high veg, mon_res, annotation, partisl-partial, ori_ind=ind}
b_1 = np.asarray([])
np.unique(annotation)

2 & 2...121212
partial udpate !

out[13zl]: arcay(( 1, 2, S, &, 11, 12, 13, 14, 15], dtype=uintg)

In [1997): # slight damage
b_2 = v.get( selected’)
annotation = make_label v2{fn, b_l,b 2,b_3,b_4,b 5, b_6, ground, non_ground,
high_veg, non_res, annotation, partial=partial, ori_ind=ind)
b_2 = np.asarzay((])
np.unigueiannotation)

(151515 ... 2 5 5]
partial udpate !

Out[1997]): array(l 1, 2. 5., &, 12, 13, 14, 15, 16], dtype=uintf)

In [1608]: # moderate - damage
b3 = v.get('selected'}
annotation = make label w2(fn, b 1,b 2,b 3,b 4,b 5, b 6, ground, noa_ground,
high_veq, mon_res, annotation, partial=partial, ori_ind=ind)
np.uniqua{annotation)
b_3 = np.asarzayi[]}

(666 ...121
partial udpate !

In [1403])1 # moderate + damage
b_d = v.get('selected'})
annotation = make_label v2{fn, b_1,b_2,b 3,b_d4,b 5, b_§, ground, non_ground,
high_veg, mon_res, annctation, partial-partial, ori_ind=ind)
b_4 = np.asarzay((1)
np.unique(annotation)

[2 5 6...1212132)
partial udpate !

Gut[1403): arcay({ 1, 2, 5, 6, 12, 13, 14, 15), dtype=uints)

(a) Browser based annotation tool

(2) 3D region-based selecti)

(4) Class assignment (3) Building extraction

(b) Annotation workflow

FIGURE 2.7: Annotation tool for developing the Mashiki
dataset. (a): Browser based annotation tool. The tool is
mainly developed using Jupyter Notebook and PPTK library us-
ing Python programming language. Only a fraction of the code
is shown in this figure. (b): Annotation workflow. This tool first
loads the point cloud of a particular building. Then, it launches
the manual selection functionality. During the manual selection,
a user can use functions like “rotate”, “translate”, “zoom in” and
“zoom out” to choose a suitable position to extract the desired
part of the point cloud. Lastly, the class is assigned to the ex-
tracted points.
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FIGURE 2.8: Building annotation and visual interpretation pro-
cedure.

2.3.5 Filtering

The sizes of the buildings are non-uniformly distributed in the extracted build-
ings. The areas of some buildings are extremely small, comprised of no more
than 100 points (e.g., very small houses), whereas some of them are extremely
large (e.g., temples) with more than a few thousand points. In order to reduce
such outliers, percentile-based filtering is implemented. We first calculate the
areas of each building and the numbers of points it contained. Then, for the
calculated areas and number of points, we retain the buildings between the first
and 99th percentiles. Note that we only retain the buildings that meet both

aforementioned conditions.

2.4 Statistics and Examples

TABLE 2.1: Statistics of the Mashiki dataset. #buildings in-
dicate the number of building contained in each class. #points
show the total number of points in each class.

Non-collapsed collapsed Background

#buildings 5,609 428 -
#points 3,033,254 331,503 4,912,807

As listed in Table 2.1, there are 6,037 residential buildings in total where
most of the buildings belong to the “Non-collasped” category. Thus, the dataset



2.4. Statistics and Examples

39

.\ochmgtll Moderate damage | Heavy Major damage
Japanese H
Scale !
(1] D1 D2 |
Damage
Grade
00 01 02 03 0 1.0 |
amage
Index
’ e
. : :
L ) 1
[(Ndo ] [ Uds+ |,
Multi stary i
Building

Single slory
Duiding

o [

p

9

o~ .
["Sa4

.
o
z 1
& 1
L.
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40

Chapter 2. Development of the Mashiki Dataset and Benchmarking

32°48'N

32°47'N

32°47'N

TABLE 2.2: #points in training, validation, and test regions.

Non-collapsed Collapsed Background

Training 935,819 152,530 1,587,899
Validation 692,663 71,226 1,131,705
Test 1,404,772 107,747 2,193,203
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FIGURE 2.10: Distribution of collapsed and non-collapsed build-
ings in the Mashiki dataset. The entire area is geospatially split
into training, validation, and test regions.



2.4. Statistics and Examples 41

Reference Top down Profile Reference Top down Profile

(a) Non-collapsed buildings (b) Collapsed buildings

FIGURE 2.11: Examples of collapsed and non-collapsed build-
ings in the Mashiki dataset. For example, the top row of (a)
shows a blue sheet—covered non-collapsed building while the sec-
ond row of (b) shows a completely collapsed building. Green,
brown, and blue points indicate the non-collapsed building, col-
lapsed building, and background points. The “Profile” column
shows the profile view of the ground truth point clouds.

is highly imbalanced and some measures need to be taken to combat the class
imbalance, which we will explain in more detail in the next section. As shown
in Figure 2.10, the entire area is geospatially split into training, validation, and
test areas. Approximately 30% of the region is used for training while 20% of
them is used for validation. The rest of the region is used for testing. The
numbers of points included in each region are reported in Table 2.2.

Several examples of collapsed and non-collapsed buildings are shown in Fig-
ure 2.11. A building patch consists of a target building and its surroundings.
Surrounding objects include artificial ones such as non-target/non-residential
buildings and natural objects like trees. Since the mainly observable part of
a building in airborne point clouds is a roof, points that belong to roofs are
annotated as building points.

While non-collapsed buildings in aerial images are mainly characterized by
vertical views of the roofs, they are often represented in 3D point clouds as
a combination of several rigid planes within which points are smoothly dis-
tributed. Moreover, the entire roof is often horizontal to the ground plane.

In contrast, collapsed buildings are described by irregular distributions of
points. Those points often represent heavily deformed roofs or destroyed build-

ing structures, i.e., debris. Debris is usually present near/inside footprints of
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collapsed buildings. On the other hand, some collapsed buildings do not un-
dergo heavy roof deformations. An example is shown in the last row of Fig-
ure 2.11 (b). As can be observed from the aerial image, the roof of the building
appears much healthier than the completely collapsed buildings (the second row
of Figure 2.11 (b)); thus, the correct identification of damage from the aerial
image is challenging. Furthermore, since the building roof does not collapse to
the ground, it is difficult to estimate the damage based on the height difference
between the roof and the ground. The limited amount of observable debris fur-
ther increases the uncertainty. However, this type of collapsed building often
undergoes varying levels of inclinations, which are easily observable from 3D
point clouds. Consequently, 3D point clouds are more promising than aerial

images in detecting a variety of collapsed buildings.

2.5 Task Formulation

In recent studies, damage detection is commonly formulated as a combination
of building localization and damage classification (Shen et al., 2021). In this
pipeline, building localization in which buildings of interest are detected is fol-
lowed by damage classification that estimates a category label (i.e., a damage
level) for each detected building. This is reasonable because the locations of
buildings are often unavailable, as we discussed in Section 1.3. In practice, these
two sub-tasks are often combined into a semantic segmentation task (Weber and
Kané, 2020). The concept of the task formulation with semantic segmentation
is shown in Figure 2.12. In this formulation, the input of the task is a build-
ing patch in which a point is represented by its 3D coordinates. The network
consumes the input and produces per-point predictions where each point is
assigned a category label. As described in Table 2.2 and Figure 2.11, three cat-
egories are included: “Collapsed”, “Non-collapsed”, and “Background”. In this
case, the performance of the “Background” class reveals how well a model can
differentiate buildings from the background, hence showing building localiza-
tion performance. On the other hand, the performance of the “Collapsed” and
“Non-collapsed” classes demonstrate the models’ ability to detect collapsed and
non-collapsed buildings. This pipeline does not require pre-event data, building
footprints, or hand-crafted features; therefore, we also follow the recent practice

and define collapsed building detection as a semantic segmentation task.
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2.6 Benchmarking

In this section, we benchmark some mainstream methods for 3D point cloud
deep learning using the Mashiki dataset we just developed. First, the settings
for the experiments are described. Next, the evaluation metrics that are used
for the experiments are briefly explained. Lastly, we present the results of
the experiments. In particular, we focus on investigating the performance of
PointNet++, a standard network for point cloud processing, to reveal what can

be achieved by PointNet++ and what are the remaining challenges.

2.6.1 Experiment settings

We use building point clouds developed in Section 2.3 as input for the models.
For the experiments performed in this study, all available points of the building
point clouds are used as input and fed into the model. We use the 3D spatial
coordinates as the input feature and the output is per-point 3D vectors that
describe the probability of points belonging to certain classes.

During training, we normalize each input point cloud by translating its cen-
troid to the origin. The input is subsequently scaled into a unit ball such that
the farthest distance from the origin to a point becomes 1. Random anisotropic
scaling in the range of [0.66, 1.5] and random vertical rotation are used for data
augmentation. The scaling ensures that the trained models are more robust
to scale variations, which are common for buildings. The rotation augmenta-
tion can effectively increase the number of samples because the direction that
buildings face may vary in practice. After the experiment settings and hy-
perparameters are determined, both training and validation data are used for
training. We use SGD as the optimizer. The total epoch is set to 150. The
initial learning rates are set to 0.1. The learning rate is decayed by 0.1 at epochs
90 and 120. The batch size is set to 24.
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To combat the class imbalance, we use the inverse class frequency weighted
cross entropy as our loss function. We implement all codes using PyTorch deep
learning framework. All the experiments are conducted using a machine with
an NVIDIA Tesla V100 GPU.

2.6.2 Evaluation metrics

Predicted classes Predicted classes
Class A Class B Class C Class A Class B Class C
< > 00 .
% 10 1 ) 5 True Positive False Negative
g © ., & (P (FN)
2 2
] w
s 9 s 9
=i 2 12 4 ® 3
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(a) confusion matrix (b) TP, FN, FP, TN for class A

FIGURE 2.13: Confusion matrix calculation. (a): confusion

matrix for three-class classification. (b): TP, FN, FP, TN cal-

culation for class A. In this case, TP = 10, FN = 1+2 = 3, FP
=2+3=5TN=12+4+1+8=25.

We adopt several standard evaluation metrics derived from the confusion ma-
trix (Figure 2.13) for the segmentation task to assess the performance. Specifi-
cally, we use precision, recall, and Intersection over union as the basic evaluation

metrics. They are defined as below:

N TP
Prec1810n = m—m (21)
TP
M= — " 9.2
Recall = 75 7P (22)
TP
ToU = 9.
U= TP FPTEN (2.3)
TP+ TN
OA i (2.4)

" TP+ FP+TN+FN

In general, precision reflects a classifier’s robustness against false alarms whereas
recall measures the sensitivity of a classifier to a particular class. IoU, on the
other hand, measures the overall performance of a classifier in classifying a par-
ticular class. Alternative illustrations of the above metrics are presented in Fig-
ure 2.14. Intuitively, precision shows how many samples are actually correctly
predicted among the samples that are predicted as a certain class. Therefore,

precision is sometimes called “correctness”. Recall, on the other hand, shows
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FIGURE 2.14: Illustrations of precision, recall, and IoU.

how many samples are actually found by the models. hence, it is sometimes
called “completeness”. As can be seen, the denominator of IoU is a combination
of the previous two metrics. therefore, it measures the overall performance of
a model. Thus, it is sometimes called “quality”. Mean intersection over union
(mloU), overall accuracy (OA), average precision (mPrecision), and recall (mRe-
call) are used to evaluate the class-averaged performance of the models. mloU
is a popular metric that is frequently used in semantic segmentation and object
detection. It is calculated by averaging class-wise loUs, thus reflecting an aver-
age performance of a classifier over classes. Similarly, mPrecision and mRecall
measure certain aspects of the class-averaged performance of a model. On the
other hand, OA simply measures the ratio of correct samples over all samples

without considering class information.

2.6.3 Results

TABLE 2.3: The benchmarking result of the mainstream deep
learning models (%). The bold texts indicate the best perfor-
mance.

Method OA mPrec. mRec. mloU

PointNet 90.6 80.5 84.0 715
PointNet++ 92.3 814 83.7  T72.8
DGCNN 90.3  82.6 82.8 72.0

The result is shown in Table 2.3. We compare the performance of Point-
Net (Qi et al., 2017a), PointNet++ (Qi et al., 2017b), and DGCNN (Wang et
al., 2019b), as they are widely acknowledged methods for 3D point cloud deep

learning. As can be observed, PointNet++ outperforms the others both in
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terms of OA and mloU. Since OA measures the performance when class imbal-
ance is considered whereas mloU measures the overall performance when class
imbalance is considered, PointNet++ is a better model concerning the overall
performance. On the other hand, PointNet achieves the best score in terms
of mRecall whereas DGCNN achieves the best score in mPrecision. Therefore,
PointNet is better at finding the target buildings and DGCNN has a better
ability to suppress false alarms. PointNet+-+ shows better robustness under
metrics that measure the performance of the specific aspects of models; hence,

it is a more generic model compared to the others.

Reference Ground truth Prediction Profile

FIGURE 2.15: Result of PointNet++ on the Mashiki dataset.

From the top to the bottom row: a collapsed building with a

strongly deformed roof; a totally collapsed building; a collapsed

building without strong damage to the roof; a building with an
inclination.
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To better understand what kind of collapsed buildings can be detected, we
perform qualitative analysis on PointNet++. The result is shown in Figure 2.15.
The top row shows a building with a strong damaged roof. As can be seen, the
prediction made by PointNEt++ is quite accurate compared with the ground
truth. we think that the deformation of the roof presents a distinct pattern
that is quite different from that of the non-collapsed buildings, thus making
it relatively easier to be detected. Also, although the building suffers from a
ground floor collapse, its roof is still above the ground. Therefore, its remaining
height may also help to separate the building from the ground. The second row
shows a totally collapsed building. As can be seen from the “Profile” column, its
roof touches the ground with much debris around. In such a case, PointNEt++
still is able to make good predictions. However, we observe a slight dilation of
prediction compared with the ground truth. We believe that it is caused by the
ambiguity between destroyed roofs and debris since the roof touches the ground,
making it challenging to separate them well. On the other hand, the third row
shows a case that a building that suffers from a ground-floor collapse while its
roof remains relatively intact. In this case, PointNet++ generates an acceptable
prediction with few misclassifications. Although the building roof touches the
ground, we conjecture that the relatively complete shape of the roof makes the
recognition of the boundary between the roof and the ground easier compared
with the second row. In the bottom row, the roof of the target building is
nearly not damaged while it presents a significant inclination due to structural
failure. As the roof deformation is not severe and the building is still standing,
we can observe that PointNet++ shows a few misclassifications. However, since
a majority of points are classified correctly, it is proven that PointNet++ can
detect this kind of collapsed building with acceptable accuracy.

As shown in Figure 2.15, PointNet++ can recognize various collapsed build-
ings well. However, it shows some limitations in recognizing some challenging
collapsed buildings. The examples are shown in Figure 2.16. The first row
shows a case where the building is inclined without heavy damage on the roof.
Moreover, although it presents an inclination, it is still standing. In this case,
although PointNet-++ predicts half of the points well, it still makes misclassifi-
cations by making incorrect classifications for the rest. We speculate that the
relatively intact shape of the roof and its remaining height above the ground
confuses PointNet-++. Besides, this example shows that PointNet-++ cannot
recognize the collapsed building solely based on the significant inclinations. In

the second row, the roof of the target building is nearly undamaged. Further,
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bl v
Reference Ground truth  Prediction Profile

FIGURE 2.16: Failure modes of PointNet--+ on the Mashiki
dataset.
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the building presents only a slight inclination. In this case, PointNet++ com-
pletely fails at recognizing this building. We believe that the degree of damage
is very challenging to be inferred from the building alone. In the third row, the
target building suffers a large crack on the roof. However, as can be seen from
the “Profile” column, the building does not show a significant inclination and
a large crack is not manifested as a significant deformation as well. Therefore,
PointNet-++ misses the building entirely, demonstrating its lack of capability
to detect slight deformations. In the last two, we observe that the target col-
lapsed building’s roof is nearly intact and its inclination is not severe. As a
result, PointNet++ fails completely in this case. We speculate that the lack
of significant signatures of damage on the building itself makes the detection
extremely challenging.

Based on the above results and analysis, it is still challenging for Point-
Net++, the standard network for point cloud analysis, to detect all types of
collapsed buildings well. The prediction errors are significant especially when
the building itself does not show significant clues of damage. Therefore, we
believe that it is necessary to improve PointNet+-+ by deliberately enhancing
the feature representation of damage. In the next chapter, we explore how to

achieve this goal.

2.7 Summary

In summary, the Mashiki dataset is developed using the field survey conducted
by local governments and LiDAR data obtained after the 2016 Kumamoto earth-
quake. To create a comprehensive and reliable dataset on which DNNs can be
trained, we design a workflow for creating the dataset. The resulting dataset
is used for benchmarking various existing methods to investigate their perfor-
mance. As a result, we find that PointNet++, the standard framework of 3D
point cloud processing, works well in terms of general performance. Further
quantitive and qualitative analyses of PointNet-++ reveal that although it can
detect most of the buildings that are severely damaged, it fails when the build-
ing itself does not show significant clues of damage. Consequently, we conclude
that further effort should be spent to enhance the feature representation of

damage such that the detection of collapsed buildings can be improved.
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Chapter 3

Development of

Laplacian-Enhanced Neural
Network (LE-Net)

3.1 Introduction

This chapter introduces Laplacian-Enahanced Neural Network (LE-Net), a DNN
dedicated to CBD. Based on the analysis of benchmarking results in Chapter 2,
PointNet++ (Qi et al., 2017b), which is the standard network of point cloud
processing, needs to be further enhanced and adapted to the CBD scenario.
In particular, we observe that the buildings that do not show significant clues
of damage are difficult to be detected. In other words, we need to make the
feature representation of damage more salient so that those buildings become
detectable. To do this, prior knowledge of damage is required so that the fea-
ture representation of the damaged part can be emphasized by incorporating
the knowledge into the model design.

However, there are two issues we need to deal with:
e What kind of prior knowledge is useful in detecting collapsed buildings?
e How can we integrate this prior knowledge into the actual model design?

The first question is undoubtedly an open question. Despite that there might
be a lot of prior knowledge that may be useful, an obvious way is to consider
the general nature of building damage. This general nature of building needs to
be the general characteristic of collapsed buildings and it must be manifested
as certain forms in 3D point clouds so that DNNs can learn it.

The second question, in contrast, is more related to the nature of point
cloud DNNs. The consideration of this question is vital because our idea/prior

knowledge must work in practice in order to improve collapsed buildings. Since
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our input to the model is 3D coordinates of points, DNNs learn the surface
geometry of point clouds. From this point of view, it is clear that our idea must
be related to the geometry of collapsed buildings. Therefore, we need to find
prior knowledge that can be represented as a geometric pattern. In addition,
this pattern needs to be simple in terms of computation. This is because DNNs
are by default optimized through numerous iterations; hence, the computation
of each operation must be very efficient.

In this research, the answer we found is to use smoothness as a tool to
represent building damage. The smoothness is a local property that describes
how a point is different from its neighbors. Since building damage in many
cases is described by local non-smooth and deformed patterns, smoothness can
be a useful concept to represent damage.

To numerically encode smoothness while being very efficient to compute,
we adopt the discrete Laplacian as our basic tool to encode smoothness. The
discrete Laplacian encodes how different the center point is from its neighbors
and is easy to compute, which makes it very fitting for our purpose. Further-
more, our analysis verifies that the discrete Laplacian in conjunction with the
hierarchical learning framework can detect inclinations, which is a global prop-
erty. Thus, the discrete Laplacian is suitable for improving DNNs. However,
one vital issue is that the position of the target building is unknown. Therefore,
the discrete Laplacian needs to be computed for each point in the input point
clouds. Since the input point cloud is a building patch that contains buildings
and their surroundings, any damage-like pattern (e.g., tree crowns) may appear
in the scene and confuse the model.

To resolve the above issue, we propose Laplacian Unit (LU) that enhances
the discrete Laplacian by giving it the ability to enhance/suppress the discrete
Laplacian selectively. Moreover, the discrete Laplacian is further enhanced by
adding a residual connection, which enriches it using a global feature and eases
optimization simultaneously.

Using LUs as core building blocks, we construct LE-Net, which is a DNN
specifically designed for CBD. The design of LE-Net generally follows Point-
Net++; however, unlike PointNet++, we apply LU at each level of the hierarchy
so that the damaged part is progressively enhanced along the hierarchy.

This chapter first performs an in-depth analysis concerning building damage
and subsequently introduces the tool, the discrete Laplacian, that can enhance
the damage representation. Then, the design of LU is introduced along with its

rationale. Lastly, we elaborate on how LE-Net is constructed.
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3.2 How to Represent Damage Numerically

In this section, we investigate how the damage can be represented in a form
that is suitable for DNNs. This section begins with an analysis of the nature
of building damage. Based on this analysis, we subsequently propose a way to

numerically represent damage and verify its usefulness as well as limitations.

3.2.1 Analysis of damage characteristics

In essence, collapsed building detection amounts to learning the pattern of dam-
age in order to separate collapsed buildings from non-collapsed ones. DNNs
essentially learn from the geometry of the point clouds. Therefore, the dis-
tinction between non-collapsed and collapsed buildings must be learnable from
their geometries. Although letting DNNs learn such knowledge of buildings
from scratch is possible, we believe that integrating prior knowledge about col-
lapsed buildings is beneficial to the learning of building damage. To achieve
this, however, we need to represent damage in a form that is generally applica-
ble to every collapse form. The knowledge that is only useful in some situations
and useless or even harmful otherwise may be discarded by DNNs during the
learning process since it is unreliable.

Fortunately, damage to buildings has a simple but general pattern. Fig-
ure 3.1 shows photos of non-collapsed and collapsed buildings. As can be
seen from the figure, the non-collapsed building is characterized by rigid and
smooth patterns whereas the non-collapsed one is described by deformed and
non-smooth patterns. The deformed and non-smooth patterns are typically ob-
servable in collapsed buildings. For example, we can often observe debris that
represents destroyed building elements when a building collapses.

On the other hand, we must also verify that this observation holds true
for 3D point clouds. According to Figure 3.1, it can be observed qualita-
tively that point clouds also demonstrate similar patterns as photographs. Con-
cretely, deformed and non-smooth patterns are described as irregular point dis-
tributions, whereas non-collapsed buildings are characterized by smoothly dis-
tributed points. Therefore, we believe that this prior knowledge about smooth-
ness is simple but general knowledge that helps DNNs to learn about building

damage better.
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Non-collapsed Collapsed

FIGURE 3.1: Comparison of non-collapsed and collapsed build-
ings. Top: photographs of non-collapsed and collapsed buildings.
Bottom: point clouds of non-collapsed and collapsed buildings.



3.2. How to Represent Damage Numerically b}

3.2.2 Discrete Laplacian

The question is, how to describe the damage characteristics or smoothness nu-
merically so that it can be integrated into the DNN model design? There might
be many choices for encoding smoothness. For example, we can resort to surface
normal vectors and compute their local variations for each point to represent
smoothness. However, the computation of normal vectors typically requires
covariance analysis to be performed on each point, which is computationally
expensive when there are many points in the point cloud. In addition, since
current DNNs mostly take the form of hierarchical learning, the operator likely
needs to be evaluated in each scale of the hierarchy. Therefore, we must choose
a tool that can enhance damaged parts while being computationally efficient so
that DNNs can compute them on-the-fly.

To this end, we choose the discrete Laplacian (Taubin, 1995) to numeri-
cally represent building damage. The discrete Laplacian is an operator that
frequently appears in fields such as computer graphics (Desbrun et al., 1999;
Sorkine, 2006) or graph processing (Kalofolias, 2016; Dong et al., 2016). The
concept of the discrete Laplacian is illustrated in Figure 3.2. Formally, let
X = {x;}1; € R™* denote the features of a point cloud of some layer in a
DNN, where n is the total number of points, d is the feature dimension, and ¢

indexes the points. The discrete Laplacian is defined as:

Ax; = NG D> (x—xi), (3.1)

01,5,

where N (i) denotes the set of nearest neighbors of point i in space and |N(i)]
represents the total number of neighbors. Equation (3.1) aggregates the differ-
ence between a center point and its neighbors. Therefore, the discrete Laplacian
describes how different the center point is from its neighbors. In other words,
it indicates the smoothness of a region around the center point. As can be
seen, the discrete Laplacian is simple to compute and can be easily parallelized;

therefore, it is fitting to integrate it into the model design.

3.2.3 Analysis of the discrete Laplacian concerning typical

damage

To validate that the discrete Laplacian can be used in a DNN-based hierarchical
framework, we visualize the distribution of the discrete Laplacians for non-
collapsed buildings and typical collapsed buildings with increasing scales. The

result is shown in Figure 3.3. The first row shows a case of a non-collapsed
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FiGurE 3.2: The illustration of the discrete Laplacian (Ax; in
Equation (3.1)) for a center point i.

building. As we can see, high responses can be observed on the edges of the roofs,
forming contours around the roofs. The contour patterns are regular because the
roofs are rigid and undamaged. By varying the scale of the discrete Laplacian,
it can be observed that the original responses on the contours basically become
stronger with increasing scales. The reason is that the non-collapsed building is
well-separated from surrounding objects, making its discrete Laplacian pattern
and its growth pattern stable.

On the other hand, collapsed buildings present different patterns. For in-
stance, the second row shows a case in which the target building is totally
collapsed accompanied by strongly deformed roofs. In such a case, unlike the
non-collapsed case, the contours formed by strong responses appear irregular.
Concretely, the part where the roofs are still above the ground shows strong re-
sponses while the part that touches the ground shows low responses because the
part is close to the ground, making it appear smoother. With increasing scale,
moreover, some prominent points become identifiable. These points represent
deformations of the roofs. Their responses get stronger because the increasing
scale increases the inclusion of non-smooth surfaces into the computation of the
discrete Laplacian.

The bottom row shows a collapsed building with a significant inclination
but without much roof damage. As can be seen, initially the contour formed
by strong responses delineates the roof well. However, we observe that the
strength of response grows differently with the increasing scale. In particular,
the northeast portion of the points grows faster than the southwest portion of
the points. This is because the northeast portion of points is higher than the

other due to the inclination. The lower part of the points includes more and
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more other objects with low heights (e.g., ground), and hence their discrete
Laplacian grows slower than the higher part of the buildings.

In general, we find that the smoothness information encoded by the discrete
Laplacian is useful based on the following observations. For a non-collapsed
building, high smoothness values can be observed on the edges of the roof. For
a collapsed building, a decrease in smoothness is observed when the building
collapses and the roof touches the ground or other objects. On the other hand,
an increase in smoothness is observed when the roof deforms or breaks. There-
fore, such changes in smoothness in conjunction with the change of the spatial
pattern, i.e., from regular smoothness distribution to irregular one, can be used
to distinguish collapsed buildings from non-collapsed ones. Therefore, we be-
lieve that the discrete Laplacian is a suitable tool that can identify building
damage.

However, the problem with the discrete Laplacian is that it responds to
all discontinuities. The discrete Laplacian can represent building damage by
encoding smoothness, however, the damage must be distinguished from damage-
like patterns. This is because the location of the building is unknown, and thus
we cannot straightforwardly determine the damage state of the buildings. As
can be observed from the “w/ BG” column of Figure 3.3, the discrete Laplacian
shows strong responses on other objects as well. For instance, in the third row,
strong responses are observed on vegetation. This is reasonable since tree crowns
present irregular point distributions. Mixed with those non-building patterns, it
is challenging for DNNs to rely merely on the raw discrete Laplacian. Therefore,
we need additional functionality that can transform those values selectively
so that only the important one is enhanced/preserved whereas the other gets

suppressed. We shall resolve this issue in the following section.

3.3 Laplacian Unit

Despite its usefulness in describing building damage, the discrete Laplacian
must be further customized so that it can differentiate useful features from
others. In other words, we need to make the operator more flexible such that it
can intelligently emphasize useful features in preference to other similar objects.
There might be many hand-crafted rules we can rely on to create a certain form
of functions, however, a fixed-form function cannot achieve the above objective
due to the massive variations of real-world scenes. To resolve this issue, we

must create a function that learns to adapt to the incoming data.
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Another vital issue is how to integrate the discrete Laplacian into the cur-
rent deep learning—based point cloud analysis. In this section, we provide a
solution to the above issues and propose the Laplacian Unit (LU), a computa-
tional module that selectively enhances the feature representation of the useful

discontinuities while suppressing the less useful ones.

3.3.1 Disentangling convolution

As the Laplacian is essentially an aggregated local pairwise difference, it should
naturally exist in the convolution. Therefore, consider a simple convolution

equation:

Z wij - X5, (3.2)

1eN(4)
where w;; represents pairwise weights between a center and its neighbors. Equiv-

alently, the above equation can be expressed as follows:

Z wij - X; + Z wi; - (x5 — X5). (3.3)

ieN(4) ieN (@)

Now the original convolution is disentangled into two components: . Ny Wig *
x; and D ;e Wij - (X5 — X;). As can be seen, the second term is a gener-
alized version of the discrete Laplacian presented in Section 3.2. By setting

Zie/\/(i) w;; = 1, we obtain:

X, =x; + Z wij - (X5 — X)), (3.4)

€N (2)

where the second term on the right side of the equation is the discrete Laplacian

if we further set w;; = ﬁ

3.3.2 Examples of w;;

Apparently, the most important parameter in Equation 3.4 is w;;. We are
interested in what various w;; can encode in the context of Equation 3.4 be-
cause it may give us a clear picture of the behavior of various types of discrete
Laplacians. To this end, we analyze what in effect the Laplacian encodes by
visualizing filtering input, output, and the Laplacian separately. Specifically,
we use an image which is a digital surface model generated from a point cloud
to conduct the experiment because images are easier to understand compared
with 3D point clouds. Three types of filters are demonstrated: average, bilat-

eral, and max filters. The results are shown in Figure 3.4. As can be seen, the
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Reference X; x;' Laplacian

(X; — X;)

FIGURE 3.4: Visualizations of Laplacians from various filtering
results. From the top to bottom rows: average, bilateral, and
max filters.
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average filter simply performs smoothing to the original input image whereas
the bilateral filter smoothes the image while retaining details. As for the max
filter, it smoothes out while dilating pixels. A key observation is that, despite
their different effects, the Laplacian component strongly responds to where pixel
values change rapidly, i.e., edges. Therefore, the Laplacian component can be re-
garded as performing edge detection. Therefore, selecting different w;; amounts

to selecting different edges.

3.3.3 Formulation of Laplacian Unit

As shown in the previous section, setting different w;; results in different edge
detection results based on the discrete Laplacian. For our purpose, the desired
behavior is that the selection of w;; can be performed in a fully automated and
self-adaptive manner such that the desired edges are detected. To this end, now

we formally define LU as below:

The overview of the computation of LU is shown in Figure 3.5. On

Input Output

FIGURE 3.5: The computation of LU.

Method ‘ Equation

Convolution P = Zie]\/(z’) Wij * X

Disentangled convolution | xj = ;) Wij  Xi + D ien) Wij * (X5 — Xi)

Laplacian Unit X, =x; +F (W > jenin (X — xz)>

()

TABLE 3.1: Comparison of convolution, disentangled convolu-
tion, and Laplacian Unit.

constructing LU, first, we introduce a nonlinear learnable selectivity function



62 Chapter 3. Development of Laplacian-Enhanced Neural Network (LE-Net)

F : R? — R? with which we transform the raw discrete Laplacian. The compar-
ison between the above equations is shown in Table 3.1. Since the raw Laplacian
encodes the smoothness of the local region, the selectivity function can explicitly
control whether to magnify the smoothness (or to make it more discontinuous)
or make it smoother. Consequently, the selectivity function learns to enhance
the useful discontinuity feature so that this discontinuity has a greater effect
on the feature representation of the center point i. Hence, we expect that the
useful discontinuities can make the representation of the point ¢ more discrim-
inative. The useful discontinuities in our case may be the deformations on the
roof or the boundary of the building that can simply indicate the boundary
between the building and the surroundings or inclinations of the building. On
the other hand, other discontinuities like tree crowns should be smoothed since
it does not convey useful information for CBD. In practice, we implement F
with sequential applications of a linear transformation, a Batch Normalization
(BN) (Ioffe and Szegedy, 2015) layer, and a rectified linear unit (ReLU) (Glorot,
Bordes, and Bengio, 2011). The linear transformation provides a basic capabil-
ity to enhance Ax; selectively. BN and ReLU are applied mainly to facilitate
the training by regularization and sparsity, following the common practice of
modern DNN designs. The conceptual effect of the selective function F is shown

in Figure 3.6.

Background (Tree)
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e °
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e 00 0 O

Collapsed building

FIGURE 3.6: The concept of the selectivity function F.

Second, the inherited z; term in Equation (3.5) can be regarded as a residual
connection in terms of deep learning. It is well-known that the residual con-
nection can make optimization easier because the backpropagated gradient can
go through the residual connection to reach the previous layer without being
modified (He et al., 2016a). As a result, the gradient does not vanish and the
network architecture can be optimized effectively. In a similar spirit, we use
the residual connection to ease the optimization. In addition, the residual con-

nection also ensures that information like global contexts does not vanish. The
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discrete Laplacian is a feature that describes local properties around the center
point 7. Therefore, the property computed by the discrete Laplacian is always
relative to the center point (x; relative to x;). However, purely local proper-
ties are not sufficient to describe the damage because local properties do not
consider global contexts such as scene layout. For instance, both damage-like
patterns on a tree and near a building are likely classified as damage without
global contexts since they are locally similar. Thus, introducing a residual con-
nection ensures that the output of LU is always a combination of the local and
global features. As a result, networks equipped with LUs become aware of local
damage patterns without losing global contexts.

Although simple, these modifications are found to be vital in the design
of LU. The verification is presented in Section 4.2.2. Furthermore, we verify
that the extracted discontinuities by the selectivity function correspond well to

damaged parts in Section 4.2.2.

3.3.4 How complicated for a neural network to learn LU?

Since a neural network is a universal approximator, one may expect that the
network can implicitly learn LU to improve performance. Also, the Laplacian
filter can also frequently be observed from automatically learned filters of CNN.
A question is, is LU can automatically learned by neural networks?

Based on Equation (3.2), a simple Laplacian filter can be approximated by
setting w;; = —|N(i)| and other w;; = 1. Therefore, it may be relatively easy to
construct a Laplacian filter using convolution layers. On the other hand, how to
construct LU is not straightforward from Equation (3.2). Equation (3.3) shows
that we can disentangle the equation into a form that is very similar to the one
of LU (Equation (3.5)). As we can see, to construct LU, there are at least two

conditions that need to be met simultaneously:
° Zje/\/(i) wi; =1

e The second term in Equation (3.3) must approximate F (m D jentny (X — XZ))
in Equation (3.5).

Obviously, conditions 1 and 2 contradict. Therefore, LU cannot be approx-
imated by a simple convolution layer. Therefore, we believe that LU is not
an easy function to be learned by convolution layers. This is verified in Sec-
tion 4.4 in which the experiment results show that LUs improve performance

significantly.
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3.4 Laplacian-Enhanced Neural Network

In this section, we elaborate on the design and construction of LE-Net, a network
dedicated to collapsed building detection. The overview of the network archi-
tecture is shown in Figure 3.8. LE-Net is composed of LUs and commonly used
layers in 3D point cloud analysis. In general, we follow the overall framework
of PointNet++ (Qi et al., 2017b), the standard encoder-decoder architecture
for 3D point cloud analysis, to design LE-Net. The detailed diagram of the
architecture of LE-Net is presented in Figure 3.7, which is directly comparable
to PointNet++ architecture shown in Figure 1.8. The comparison shows that
the major difference between the two models is the introduction of LUs. The
encoder is responsible for abstracting the features in a local to global fashion
whereas the decoder reconstructs the features from the output of the encoder
so that the output of the decoder has the same resolution as the input. Then,
the reconstructed features are used to predict the point scores.

We first elaborate on the design of basic blocks that are used as building
blocks of LE-Net. Then we stack those blocks and construct LE-Net.

3.4.1 LU-MLP and downsampling block

As demonstrated by the tremendous success of CNN in image processing, local
feature learning is indispensable for a successful DNN. Here we construct a fea-
ture learner that performs local feature learning while enhancing the important
feature representations by LU. Our local feature learner is termed LU-MLP
block, which consists of a Group MLP operation, a max-pooling operation, and
an LU. The Group MLP applies shared MLP in local groups centered by corre-
sponding center/query points and the max-pooling aggregates the transformed
features onto the query points. The transformed points are then further pro-
cessed by LU to enhance useful features like building damage. Let p;, u; be the
3D coordinates and the feature of point i, respectively. The above process is

formally defined as follows:

= LU (1 (6 (0, 1 w))). (3.

where || represents the feature concatenation and ¢ : R¥*3 — R? is an MLP.
p; and u; are the 3D coordinates and features of the neighbor point j. The
concatenation of p; and u; ensures that the output of ¢ is local geometry-aware,
which is a widely adopted practice (Qi et al., 2017b; Liu et al., 2019). The role

of ¢ is to make point features sufficiently discriminative in preparation for LU.
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Input Output

¢ 1

N.C [ LU-MLP ] LU-upsampling N,C
1
[Downs;mpling]
!
N22c [ LuMLP | LU-upsampling N/2,2C
[ A
[Downs;mplmg]
.
N44C [ LUMLP | LU-upsampling  N/4,4C
[ 4
[Downs;mpling]
NBSC [romie
.
[ LU-MLP ] LU-upsampling
[ M . l —
T Upsampling ‘ ]
[ Group MLP ]
— (e

[ Max-pooling ]

!}
Laplacian Unit [ M]l‘P ]

MLP ] [ Laplacian Unit J
® l

——3» Computation flow
----- > (Concatenation

F1GURE 3.8: Network architecture of LE-Net. Left: the concrete
design of LE-Net. Right: structures of LU-MLP block and LU-
upsampling block. N and C denote the number of input points
and the dimension of feature channels, respectively. C is set to
128 by default. Concat. denotes the feature concatenation. The
first and the last MLPs in the LU-MLP block perform dimension
reduction and expansion, respectively, following the design of the
bottleneck residual block (He et al., 2016a). The input point
cloud is color-coded by its height for visualization.



3.4. Laplacian-Enhanced Neural Network 67

Subsequently, the features are enhanced by LU. To reduce the computation
cost without compromising performance, we wrap the Equation 3.6 using the
bottleneck residual block (He et al., 2016a). Specifically, an MLP is applied at
the beginning and the end of Equation 3.6. These two MLPs perform dimension
reduction and expansion, respectively. Lastly, the feature after the expansion
is added to the original input. The architecture of the LU-MLP block is shown
in Figure 3.8.

To achieve hierarchical learning, the input point cloud needs to be down-
sampled along the hierarchy while increasing the receptive field (k of kNN) after
each downsampling. This process is illustrated in Figure 3.9. As can be seen
from the figure, the point cloud gets sparser gradually in order to achieve effi-
cient hierarchical learning. Meanwhile, the kNN radius grows so that extracted
local patterns get abstracted along the hierarchy, leading to features that are
aware of both local and global features. In practice, we use the farthest point

sampling for downsampling.
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F1GURE 3.9: Illustration of the successive sampling process and
the change of receptive fields.

3.4.2 LU-upsampling block

Since we formulate CBD as semantic segmentation, the point resolution must
be recovered after the abstraction by the encoder. To this end, we design the
LU-upsampling block that recovers the resolution while making feature repre-
sentation enhanced at the same time. Concretely, the input point is upsampled
using three-neighbor interpolation. Then, similar to U-Net (Ronneberger, Fis-
cher, and Brox, 2015), the resulting interpolated feature is concatenated with
the features of the same resolution level from the encoder using a skip con-

nection to assist feature reconstruction. The concatenated feature is further
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transformed by an MLP and LU so that the useful features remain enhanced

after reconstruction.

3.4.3 Constructing LE-Net

The encoder consists of sequential applications of LU-MLP and downsampling
blocks. In each resolution level, an LU-MLP is applied to the input followed by
a downsampling block. The process is repeated until we obtain a sufficiently
discriminative global representation of the input point cloud. In practice, we
apply the process three times (see Figure 3.8). For the decoder, we apply three
LU-upsampling blocks to fully recover the original resolution that is previously
reduced by the encoder for hierarchical learning.

The input channel width (denoted C in Figure 3.8) is set to 128 by default.
The downsampling factor is 2, meaning that the number of points is halved
for each downsampling. The channel reduction rate in the bottleneck residual
block is set to 2, meaning that dimension reduction MLP halves the channel,
and expansion MLP recovers it. The neighborhood size of kNN is set to 12 for
both Group MLP and Laplacian Unit as we find that the minimum number of
points a building has in the Mashiki dataset after down-samplings is 12.

3.5 Summary

In this chapter, we have performed an analysis of the nature of building dam-
age and have shown how the damage can be reliably represented numerically
using the discrete Laplacian. Meanwhile, the analysis of the discrete Lapla-
cian reveals a problem. The problem is the lack of selectivity, making damage
indistinguishable from surrounding objects that have a similar pattern as dam-
age. This sensitivity is needed to differentiate the damage from the others. To
achieve this, we propose LU that can enhance the feature representation of the
damaged part in order to facilitate CBD with increased selectivity. Using LUs
as core operators, we propose and construct LE-Net, a network dedicated to
CBD. We believe that LE-Net is can be a powerful network that can perform

at its excellence in detecting collapsed buildings.
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Chapter 4

Collapsed Building Detection
Using LE-Net

4.1 Introduction

In this chapter, we perform a comprehensive assessment of LE-Net on the CBD

task. The outline is shown in Figure 4.1.

Development of the Development of the
Mashiki Dataset Haiti Dataset

Performance Analyses Visual Efficiency & - -
- : Contents of Chapter 2 - : Contents of Chapter 4

FIGURE 4.1: The outline of Chapter 4.

In the first section, we exclusively use the Mashiki dataset to perform ex-
periments. The quantitative analysis is conducted to evaluate the general per-
formance of LE-Net. Its performance is compared with the same baselines that
are used in Chapter 2. The result shows that LE-Net outperforms other meth-
ods significantly. Next, a qualitative analysis is performed to investigate the
improvements brought by LE-Net with a special focus on the comparison with
PointNet++. As a result, LE-Net excels at detecting collapsed buildings that
tend to be missed by PointNet++. Furthermore, we perform various analyses
on LU, the core operator of LU. Specifically, the usefulness of each component
of LU is validated and the effect of the selectivity function F is investigated
because of its great impact on the performance. We additionally perform a

visual explanation analysis in order to reveal how LE-Net understands building
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damage and how mistakes are made. We consequently understand that LE-
Net makes decisions by relying on damage-related parts of the target building.
Further, the analysis of its failure modes reveals that mistakes are due to the
relatively complete shape of collapsed buildings. Then, we investigate the gen-
eral aspect of LE-Net including computational efficiency and robustness against
the density variation.

In the second part, we investigate the adaptability and transferability of LE-
Net. Adaptability refers to LE-Net’s ability to perform well in a substantially
different domain. Although LE-Net trained on the Mashiki dataset may work
well in a similar region as Mashiki town, the characteristics of the affected
region and buildings within may differ significantly from place to place. For
instance, the trained LE-Net may fail completely in regions where the major
building structures are not wooden (e.g., concrete). Therefore, the adaptability
of LE-Net to different events needs to be validated. Transferability, on the other
hand, refers to the ability of a DNN to extract transferable knowledge (feature
representations) in one domain/task and adapt it to improve performance in
another domain/task (Jiang et al., 2022). The transferability of a model in
CBD is important because a large number of good-quality training samples are
often expensive or prohibitive to make in an emergency scenario. A model with
good transferability in CBD means that the knowledge learned in one event is
adapted to another event to improve the detection with limited training samples.

To this end, we create a dataset, termed the Haiti dataset, to validate the
transferability and adaptability of LE-Net. The Haiti dataset is developed using
the data acquired after the 2010 Haiti earthquake. First, the Haiti dataset, a
dataset with significantly different characteristics from the Mashiki dataset,
is developed for performing experiments. Then, the similarity between the
Mashiki and Haiti datasets are analyzed and verified. Next, the adaptability
of LE-Net is demonstrated by training it using building samples from the Haiti
dataset only. Lastly, the transferability of LE-Net is shown by adapting pre-
trained LE-Net to the Haiti dataset.

4.2 Performance and Design Analysis of LE-Net

4.2.1 Performance assessment
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TABLE 4.1: Comparison of overall performance (%). The bold
texts indicate the best performance.

Method OA mPrecision mRecall mloU
PointNet 90.6 80.5 84.0 71.5
PointNet+-+ 92.3 81.4 3.7 72.8
DGCNN 90.3 82.6 2.8 72.0
LE-Net (Ours) 93.4 84.8 85.4 76.0

Quantitative analysis

First, we compare the overall performance of LE-Net with several mainstream
deep learning methods for 3D point clouds that are benchmarked in Chapter 2.
The result is listed in Table 4.1. As listed, LE-Net achieves the best perfor-
mance in terms of all performance metrics. Specifically, LE-Net achieves 1.1%
higher OA than the second-best score (PointNet++), meaning that LE-Net’s
prediction is accurate in general. In terms of average precision, LE-Net sig-
nificantly outperforms DGCNN, the second-best network, by 2.2%. Therefore,
among predicted samples, LE-Net is the most network that predicts most of
the samples well. Further, LE-Net achieves 1.4% higher mRecall than Point-
Net, which means LE-Net has successfully found more building points among
the actual points. Since LE-Net is superior in terms of the above three metrics,
it naturally achieves the best mloU, which reflects the overall quality of the
predictions. Concretely, LE-Net achieves 3.2% better IoU than the second-best
PointNet++, achieving the best score by significantly outperforming it.

TABLE 4.2: Detailed comparison of LE-Net (Ours) and Point-
Net++. Texts in parentheses indicate improvements made by

LE-Net.
Method Metrics ‘ Collapsed  Non-Collapsed Background
Precision | 58.6 89.8 96.0
PointNet++ Recall 64.8 92.9 93.3
IoU 44 .4 84.1 89.8
Precision | 66.9 (+8.3) 91.2 (+1.4) 96.3 (+0.3)
LE-Net (Ours)  Recall 67.8 (+3.0) 93.9 (+1.0) 94.4 (+1.1)
IoU 50.8 (+6.4) 86.1 (+2.0) 91.1 (+1.3)

To investigate the performance of LE-Net more in detail, we compare LE-

Net with PointNet++ on which LE-Net’s design is based. Since the design of
LE-Net closely follows PointNet+-+, the comparison can reflect the impact of
LU both quantitatively and qualitatively.
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TABLE 4.3: Percentage of “Good” detection of collapsed build-
ings. The prediction of a collapsed building sample is “Good”
when IoU for “Collapsed” is greater than 0.5.

Method Good detection (%)
PointNet++ 67.5
LE-Net 78.3

The quantitative comparisons are reported in Table 4.2. As can be observed,
LE-Net outperforms PointNet++ in terms of all metrics for all classes. In par-
ticular, the improvements are most conspicuous in detecting collapsed buildings.
Therefore, LU is the most influential and effective in detecting collapsed build-
ings.

Concretely, LE-Net achieves 8.3% higher precision than PointNet++, mean-
ing that LE-Net makes significantly fewer false alarms compared to Point-
Net++. Considering the real-world situation where investigators need to ac-
tually design the rescue plan, suppressing false alarms is important because it
can prevent the investigators from making redundant plans, which is helpful
to achieving efficient rescue. We believe that the suppression of false alarms
is the direct consequence of the selectivity brought by LU. The introduction
of LU makes it possible to adaptively suppress less meaningful discontinuities.
For instance, the tree near a collapsed building may be predicted as “Collapsed”
without LU. Therefore, LU’s selectivity allows LE-Net to better discriminate
between similar collapsed buildings and similar objects, leading to better pre-
cision.

Furthermore, a 3.0% increment in recall compared to PointNet+-+ is ob-
served. This means that LE-Net is better at finding the actual points belonging
to the “Collapsed” class. The increase in recall is valuable because it means
that omission is suppressed compared to PointNet-++. In reality, omission er-
rors may directly lead to an increased casualty; hence, improving recall is vital
in terms of real applications. We believe that this increased sensitivity to the
“collapsed” class is also due to the sensitivity of LU. LU adaptively enhances
the damaged part so that its feature representation becomes more salient and
discriminative.

Since both precision and recall of the “Collapsed” class of LE-Net is greater
than those of PointNet+ -+, LE-Net naturally outperforms PointNet++ in terms
of IoU as well. In general, high IoU means that the overlapping area of the
prediction and the ground truth is large. Therefore, the LE-Net can detect

buildings more accurately compared to PointNEt-++-. This is also demonstrated
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in Table 4.3 where we report the percentage of “Good” samples. Concretely,
we calculate the instance-wise score of collapsed building class, and classified
the building that has IoU of “Collapsed” class greater than 0.5 as “Good”. As
a result, we find that LE-Net outperforms PointNEt+-+ by 10.8%. Therefore,
LE-Net’s quality of CBD is significantly better than that of PointNet++, which
in turn validates our motivations.

Interestingly, as for non-collapsed buildings and background classes, we ob-
serve that LE-Net consistently outperforms PointNet+-+. Therefore, the effect
of LU is not limited to better detection of damage, that is, LU has general appli-
cability. We conjecture that enhancement /suppression of certain discontinuities
brings general improvements. For example, boundaries between non-collapsed
buildings and backgrounds are also important for improving performance and
is also can be handled by LU. Besides, the ability to suppress discontinuities
like noise is certainly useful in general scenarios. However, the improvements
in these two classes are not as significant as in the collapsed building class.
Therefore, the impact of enhancing/suppressing discontinuities is most useful

in improving CBD.

Qualitative analysis

To gain a deeper understanding of how LE-Net enhances the detection, the
qualitative analysis is performed and the visualization results are shown in Fig-
ure 4.2.

As can be observed from the first row, LE-Net shows a better ability to dis-
criminate buildings and other similar objects. In this case, LE-Net successfully
separates the target building and surrounding trees, which leads to improved
detection. In contrast, PointNet+—+ incorrectly recognizes the trees as part of
the building. Consequently, the nearby non-residential buildings are incorrectly
recognized as collapsed buildings. We believe that the selectivity of LE-Net
successfully identifies the tree and suppresses it so that LE-Net can easily iden-
tify the boundary between the tree and the building. In practice, this type of
error can cause problems when some kind of estimation such as an estimation
of debris volume is needed to devise a post-recovery plan.

In the second case, LE-Net is found to be more boundary-aware compared
with PointNet-++. As can be seen from the second row, the roof of the central
building nearly touches the roof of the other building, which makes boundary
identification difficult. In this case, PointNet+-+ produces misclassifications
near the boundary. In contrast, LE-Net produces sharp boundary that is faith-
ful to the ground truth, showing its capability to precisely locate and identify
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Reference PointNet++ QOurs Ground truth Profile

FIGURE 4.2: Qualitative results collapsed building detection on
the Mashiki dataset. Green, brown, and blue points indicate
non-collapsed, collapsed, and background points. Note that the
areas marked by red boxes indicate the improvements made by
LE-Net. The “Profile” column shows the horizontal view of the
ground truth. The red arrows indicate the inclinations.
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boundaries. This point can also be validated by Table 4.2, where the improve-
ment made by LE-Net is also observed in detecting the “Non-collapsed” class.

Further, it is found that LE-Net is less confused with buildings whose roofs
are not heavily damaged (the third row). While PointNet++ misclassifies nearly
half of the points belonging to the building in the third row, LE-Net successfully
produces a smooth prediction. A possible reason is that LE-Net becomes also
sensitive in detecting inclinations or debris thanks to the combination of LU
and hierarchical learning 3.2.

Moreover, it is found that LE-Net manages to detect buildings that nei-
ther undergo severe roof deformations nor inclinations, which are completely
missed by PointNet++. For instance, the fourth row shows a case where the
building roof is intact while suffering from a slight inclination. In this case, al-
though PointNet++ fails to detect this building, LE-Net manages to correctly
recognize the building as collapsed. We think that the use of LU can enhance
the debris/inclination patterns so that LE-Net can infer the collapsed building
correctly even if its appearance is rather intact.

In the next row, PointNet+-+ again misses the building entirely whereas
LE-Net manages to make a partially correct prediction. As can be observed,
the roof suffers from a deformation that is present in the part of the roof. Since
the other part of the roof is intact and the inclination is not severe, it may
be challenging to identify it as collapsed. We believe that LE-Net successfully
detects the deformation and has made correct predictions for the deformed
part. Therefore, we conjecture that introduction of LU enhances the sensitivity
to small deformations.

In the last case, even if the inclination is not severe, LE-Net manages to
produce a near-perfect prediction whereas PointNet-++ misclassifies most of
the points. Despite the nearly intact appearance, we speculate that LE-Net can
detect the small deformations or surrounding debris correctly, which leads to a

correct prediction.

4.2.2 Analysis of LU

Component analysis

In this section, we analyze the effect of each component of LU. Specifically, we
measure the performance by removing one or multiple components of LU to

investigate the impact of the removed components. The result is reported in
Table 4.4.
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TABLE 4.4: Result of design analysis. mPrecision, mRecall, and

mloU represent class-averaged precision (%), recall (%), and IoU

(%). Texts in parentheses indicate the difference in performance
between Full (LE-Net) and others.

Method ‘ mPrecision mRecall mloU
Full (LE-Net) | 84.8 85.4 76.0

No LU 83.3 (—1.5) 82.9 (-2.5) 73.8 (-2.2)
No F 82.3 (—2.5) 83.6 (-1.8) 73.4 (—2.6)
F = Linear 83.5 (-1.3)  85.3 (-0.1) 75.1 (-0.9)
F =ReLUoBN | 82.9 (-1.9) 85.4 (+0.0) 74.7 (-1.3)
No residual 83.5 (—-1.3) 84.1 (-1.3) 74.4 (—1.6)

First, we validate the effectiveness of LU. As can be seen, removing LU
causes significant drops in all performance metrics. Specifically, the drop in
precision shows that removing LUs causes more false alarms. The drop in recall
shows that removing LUs degrades the LE-Net’s ability to find the correct
classes. Since performance drops in all aspects, [oU also reduces significantly.
Therefore, LU is indispensable for LE-Net to achieve good performance.

Next, the necessity of the selectivity function / = ReLU o BN o Linear in
Equation 3.5 is validated. F is responsible for selectively enhancing useful dis-
continuities while suppressing less useful ones. Without F, the raw discrete
Laplacian is directly fused to the input feature. As we can see from Section 3.2,
the raw discrete Laplacian blindly highlights all discontinuities; therefore, it
cannot only emphasizes the important one. As expected, removing F drasti-
cally reduces the performance. Somewhat surprisingly, “No F” even achieves
lower performance compared to “No LU”. It greatly reduces the precision by
2.5%, which is a 1% greater reduction of the precision. to In terms of recall,
it reduces the performance by 1.8%, 0.7% less reduction compared with “No
LU”. We conjecture that the addition of raw discrete Laplacian does increase
the sensitivity to those damage since the discrete Laplacian can represent dam-
age; however, the false alarms increase due to the lack of selectivity. Since IoU
reduced more significantly than “No LU”, we think that the effect of the raw
discrete Laplacian is in general harmful without F.

The picture changes when F is introduced and it is set to a linear trans-
formation (F = Linear). We observe a significant increase in recall when
F = Linear. Accordingly, increased selectivity in handling Ax;, the discrete
Laplacian, is vital, especially for finding the actual correct classes. Compared
with the “No LU” variant, it improves by about 0.2%. Therefore, a linear trans-

formation is also helpful in reducing false alarms. In general, with the help of
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linear transformation, a significant selectivity can be given to LU, which, in
turn, enhances the performance greatly. In general, we find that the learnable
linear transformation is responsible for most of the performance improvement
by LU since the mIoU only reduces by 0.9% when F is set to a linear transfor-
mation.

Interestingly, the improvement in optimization (F = ReLUoBN) also demon-
strates a notable improvement in recall. Note that the ReLU function only
retains the positive values of features. Therefore, we conjecture that less useful
continuities appear in negative values and useful ones in the positive, and the
application of ReL U removes those less useful discontinuities while retaining the
useful ones, leading to an increased recall. However, the precision reduces more
significantly compared to removing LU. Therefore, the lack of selectivity still
causes significant false alarms. In general, the improvement from the side of
optimization is useful as it improves the performance over the “No F” variant.
In addition, the best performance is achieved when Linear and ReLU o BN are
combined, which verifies our design choices.

Finally, we analyze the impact of residual connection in Equation 3.5. As
shown in Table 4.4, removing residual connection reduces the scores by around
1.6%. We conjecture that removing the residual connection makes the opti-
mization more difficult (He et al., 2016a). Moreover, recall that LU without the
residual connection produces a purely local representation. A local representa-
tion without the notion of global contexts may lead to inconsistent predictions.
The reduction in performance, however, is not as severe as removing F. We
believe that the inconsistency caused by the lack of global contexts is somewhat

compensated for by the selectivity provided by F.

Effect of the selectivity function F

We additionally provide visualizations to better understand the effect of the
function F better. Concretely, we visualize the Euclidean norm of discrete
Laplacian (||Az;]|) and the F-transformed one ||F(Ax;)|| to investigate the
impact of F on the raw discrete Laplacian. The result is shown in Figure 4.3.

The first row shows that the discrete Laplacian of a tree is significantly
suppressed after applying F. Therefore, one of the roles of F, in this case, is
to suppress less useful discontinuities like trees since they belong to the same
“Background” class and do not need to be enhanced. On the other hand, the
discrete Laplacian of the collapsed structure appearing in the right upper corner
is significantly magnified. Since the target building is a collapsed building, it

is reasonable to enhance this structure so that LE-Net can be more aware of
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Reference Ground truth  Prediction

FI1GURE 4.3: Effect of the selectivity function F

the damage. Therefore, F can perform selective enhancement and suppression
simultaneously.

The second row shows a case where the structure of the roof of the target
building is relatively complete while touching the ground. In this case, a sig-
nificant increase of ||Az;|| is observed in the location where the roof touches
the ground and debris. Intuitively, this enhancement is sound because of two
reasons: 1) the enhancement leads to a more salient feature representation by
combining the global feature (z;) and local one (F(Ax;)) and 2) the enhance-
ment of the difference makes identification of the fuzzy boundary between the
building and the debris easier. On the other hand, we can still observe the
enhanced part within the building footprint; therefore, the enhancement can
happen within the same class, resulting in enhanced feature representations.

In the third row, we observe a small deformation occur on the roof, which
reveals its inner materials. After applying F, the region is enhanced; hence, the
feature representation of damage is enhanced. Therefore, LU can accurately
locate small deformations by enhanced selectivity brought by F. Meanwhile, we
observe that the responses of the location where the roof touches the ground is
enhanced while the nearby trees are suppressed. Therefore, we confirm that the
role of F can be very diverse even in the same scene, revealing the effectiveness
of learning the selectivity function F.

In order to understand the effect of F qualitatively, we visualize some ex-

amples in Figure 4.4.
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The top row shows a case where strong roof deformations occurred on the
roof. In this case, we observe that “w/o F” fails to detect such deformations.
We conjecture that this type of deformation where the inner structure of the
roof is exposed is in fact not a very common type of roof deformation in the
dataset, which is quite similar to vegetation, and hence LE-Net without F
has difficulty in predicting the destroyed part correctly. In contrast, LE-Net
correctly estimates that the deformation part belongs to “Collapsed”. We believe
that although the network tends to have difficulty in predicting this part, LU
can provide an additional selectivity that can be sued to enhance the feature
presentation of the damage, which leads to a better prediction.

The second row, on the other hand, shows a case where a building is de-
stroyed because of the ground floor collapse while showing a merely slight incli-
nation. This is a relatively difficult case since the point clouds do not present
any strong signs of damage like severe deformations or inclinations. In this
case, LE-Net without F fails to produce the correct prediction for a part of the
building. We conjecture that the roof is not heavily damaged and the primary
and secondary ones are arranged like non-collapsed buildings, which causes
misclassifications. On the contrary, LE-Net successfully produces near-perfect
predictions. We think that this is due to the selectivity function F which can
adaptively enhance/suppress the discontinuities. in this case, we think that F
manages to suppress the gap, leading to a more uniform prediction.

The third row shows another challenging situation where the roof is al-
most intact while presenting only slight inclinations. In this case, the w/o F
variant completely ignores the target collapsed building. Therefore, the raw dis-
crete Laplacian is not sufficient for detecting this type of collapse. In contrast,
equipped with F, even in a challenging situation like this, LE-Net successfully
predicts 50% of the building, which may be considered a successful detection.
We think that there are two ways we can explain this: 1) F enhances the inclina-
tion detection and 2) LU enhances the feature representation of the surrounding
damage indicators like debris and collapsed walls. therefore, we believe that F
is especially useful in detecting slight cases that are easily ignored without it.

The fourth row shows the effectiveness of F in detecting building bound-
aries. As can be seen, w/o F variant fails to separate the target building and
neighboring non-collapsed building. This is problematic, for example, when the
estimation of debris is needed for devising a post-disaster recovery plan. On the
contrary, Le-Net can detect the inter-budiling bourndary well. We believe that

the boundary is naturally a discontinuity and F can enhance this discontinuity
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so that the boundary becomes more salient. On the other hand, this finding re-
veals that the effect of F is not limited to the “Collapsed” class, demonstrating

its generalizability.

4.2.3 Visual explanation

In this section, we investigate how LE-Net understands building damage using
visual explanation analysis. Since DNNs work in a black-box manner, explaining
the decision of DNNs is essential for applications like CBD in which the reliance
of the model on the correct feature (e.g., roof damage) must be guaranteed.
We first introduce SEG-GRAD-CAM (Vinogradova, Dibrov, and Myers, 2020),
which is used to visualize where segmentation DNNs focus their attention when

they make decisions. Then we apply it to LE-Net and perform the analysis.
SEG-GRAD-CAM
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FIGURE 4.5: The concept of SEG-GRAD-CAM (Vinogradova,
Dibrov, and Myers, 2020)

In the following, we introduce SEG-GRAD-CAM (Vinogradova, Dibrov, and
Myers, 2020), a method that can explain the decision-making of segmentation
DNNs. The concept of SEG-GRAD-CAM is illustrated in Figure 4.5.

SEG-GRAD-CAM is an extension of Grad-CAM (Selvaraju et al., 2017), a
standard method for visual explanation (Montavon, Samek, and Miiller, 2018).
Grad-CAM essentially explains the model decisions using a heatmap. The
heatmap is calculated based on the backpropagated gradients with an assump-

tion that important features for a particular class possess high partial derivatives
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w.r.t the loss of that class. The heatmap is initially generated in the target layer
which is defined by the user. The generated initial heatmap is then interpolated
to the full resolution for improving visual quality. The hotter regions denote
higher importance and vice versa. In essence, it adapts the Grad-CAM to the
segmentation setting so that the interpretation of Grad-CAM can be applied to
segmentation models. Let {A*}X | be the feature map of the target layer. Let
Y iem Y§ be the sum of the logits of points belonging to a chosen class ¢ where i
indexes the points and M denotes the set including all points belonging to class
c. SEG-GRAD-CAM averages the gradients of ).,y with respect to all N
points of each feature map A* to produce a weight o* to denote its importance.

The heatmap can be generated as follows:

1 ay.. ¢
L¢ = ReLU (Z a}:‘Ak) where af = N Z % (4.1)
k N

Intuitively, generated heatmaps show the aggregated dependence of points be-
longing to a chosen class c¢. For example, hotter regions of the heatmap may

highlight roof damage when ¢ is chosen to be “Collapsed”.

Visualizing the decision-making of LE-Net

Reference Ground truth  Prediction SGC Profile

FIGURE 4.6: Visual explanation using SEG-GRAD-CAM (Vino-
gradova, Dibrov, and Myers, 2020)
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Here we try to visualize the decision-making of LE-Net when it tries to
detect collapsed buildings. Hence, the target class is “Collapsed”. We chose the
last layer of the encoder as the target layer because the last layer of the encoder
is known to represent the most high-level features that are supposed to be very
important for the final segmentation result.

The result is shown in Figure 4.6. The figure shows three different cases of
heatmaps where LE-Net manages to predict well for all cases. The first row
shows a building that undergoes a total collapse where debris appears inside
the building’s footprint. In this case, LE-Net puts much attention on the region
where the destroyed roof and debris are mixed with each other. Therefore, LE-
Net regards the region as the most important for detecting collapsed buildings.
This decision is reasonable and intuitive because such a region shows a non-
smooth point distribution which represents a typical damage pattern. Notice
that the hot region is rather small, which means most of the attention is put on a
small region. We believe that LU’s ability to flexibly use the discrete Laplacian
enhances the damaged region, which makes the feature representation of that
region far more salient than other regions. Furthermore, we found that the
model’s attention forms a cluster. The rest of the attention roughly covers the
building footprint and extends to its surroundings. Therefore, we can confirm
that LE-Net manages to detect the building accurately while making decisions
based on its surroundings.

In the second row, the building is collapsed while the structure of the roof
remains relatively complete. In such a case, the model puts its attention on
the region where the primary and secondary roofs touch each other. A possible
explanation is that the discrete Laplacian values on the edge of the primary
roof can describe damage well. As analyzed in Section 3.2, the distribution of
the strong response of the discrete Laplacian roughly delineates the contour of
roofs. In addition, the strength of responses grows with the increasing scale.
Considering that the primary and second roofs of non-collapsed buildings are
always parallel to each other, we can infer that the feature representations at
the edge of the primary roof grow smoothly and stably. On the other hand, the
primary and secondary roofs often are not parallel to each other when a building
collapses due to structural failure. Thus, the responses of the discrete Laplacian
should be irregular. This irregular pattern can also grow with increasing scale;
hence, it is a characteristic that is always present. Considering the prevalence
of such a pattern in collapsed buildings, we conjecture that LE-Net detects and
relies on this particular pattern to make robust predictions especially when roof

structures partially or totally withstand the collapse.
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In the third row, we again notice that LE-Net highlights the boundary be-
tween the primary and secondary roof, which is consistent with the second case.
What makes this case different from the above one is that LE-Net also highlights
the region where the secondary roof touches the ground. We believe that high
dependence on this type of region is sound because we know that usually roofs
are always above the ground and we can determine that a building is collapsed
whenever the roof touches the ground. Notably, this result is also in line with
the damage description of Okada and Takai (2000). We speculate that LU’s
ability to selectively enhance the important region helps LE-Net to identify the

fuzzy boundary between a rigid roof and non-smooth debris.

Failure modes

Reference Ground truth Prediction SGC Profile
FIGURE 4.7: Failure modes of LE-Net on the Mashiki dataset.

Another useful utility of SEG-GRAD-CAM is to identify failure modes.
When the model fails, it is highly likely that its decision is wrong and the
heatmap provides some clues about how the model makes an incorrect deci-
sion, which may be used to improve the model. Therefore, similar to the above
case, we apply SEG-GRAD-CAM to the last layer of the encoder and choose
the “Collapsed” class as our target class. We identify several failure models of
LE-Net and the result is shown in Figure 4.7.

The first type of failure is that LE-Net sometimes cannot recognize the

building as one part when it is broken in the middle. In the first row, LE-Net
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can predict the collapsed part well; however, the majority of the other part
without visible damage is recognized as non-collapsed buildings. We believe
that the separation of the building in the middle makes it difficult for the
model to infer the connectivity between the parts. The “SGC” column shows
that LE-Net mostly pays attention to the collapsed building and its debris.
Therefore, the predictions of the building parts on both sides of the debris are
acceptable. On the other hand, we observe that significant misclassifications
occur on the major part of the building (right building). This major part of
the building appears to be a combination of buildings since we can recognize
that the two roofs of them are distinct structures but are closely located. The
misclassifications are observed on the right side of this building. We conjecture
that LE-Net detects the boundary between two roofs and mistakenly recognizes
them as separate buildings. To mitigate this problem, we may use building
footprints to postprocess the predictions so that only one category is assigned
to a building. Nevertheless, we believe that this type of mistake is not serious
since the collapsed part is accurately detected by LE-Net.

In the second case, we observe that the building suffers from a partial col-
lapse. Concretely, the front part of the building collapses and the back of the
building is still standing upright. In this case, LE-Net successfully detects the
collapsed part as “Collapsed” but it fails to recognize the standing part as the
collapsed building. Therefore, LE-Net prioritizes structural completeness over
the existence of debris. We believe that this is a logical consequence of ex-
cluding debris from the definition of a collapsed building. We believe that this
type of mistake, like the one mentioned above, is not fatal because the col-
lapsed part can be detected reliably. Therefore, some postprocessing methods
that emphasize the detection of the collapsed part can be used to mitigate this
problem.

The third row shows a case where the target building suffers from a pancake
collapse. Specifically, a building collapses without significant inclination or
serious damage to the roof when it suffers from a pancake collapse. Since such
a type of collapse does not provide obvious indicators such as roof deformations
or inclinations from which damage can be inferred, the model needs to detect
this type of building mainly based on contextual information or very slight
damage if it exists. As can be seen, the correct predictions mainly appear where
the roof touches the ground, which is reasonable since it is closely connected
to debris which is useful contextual information indicating collapse. From the
“SGC” column we can also observe that LE-Net successfully locates a slight

deformation on the secondary roof. However, since most part of the building
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withstands the collapse without significant damage, LE-Net fails to infer the
correct damage state. Similar to the second failure case, we conjecture that
LE-Net regards structural completeness as more important than the presence
of debris. To mitigate this issue, some postprocessing methods that examine

the relationship between detected collapse and debris may be implemented.

4.2.4 Computational efficiency

TABLE 4.5: Comparison of computational efficiency. Param.

(M) and FLOPs (G) denote the number of parameters and float-

ing point operations per second, with lower scores indicating
higher efficiency.

Method Param. FLOPs
PointNet 3.5 7.2
PointNet 4+ 3.5 8.6
DGCNN 1.6 5.4
LE-Net 4.3 4.1

In this section, we analyze the computational efficiency of LE-Net and com-
pare it against other methods. Specifically, we report the number of parameters
and floating point operations per second (FLOPs). Fewer parameters generally
indicate less risk to overfit while fewer FLOPs indicate that the model requires
less computation. The result is listed in Table 4.5.

As can be seen, LE-Net uses more parameters compared with others. This
is a direct consequence of designing LE-Net based on PointNet+-+ which has
already carried 3.5 M parameters. Although the use of bottleneck residual
design in LU-MLP block reduces the computation cost, the addition of LUs at
every stage of the network inevitably increases the number of parameters used.
However, since we do not observe overfitting during training, we think that the
current number of parameters does not affect the practical utility of LE-Net.

On the other hand, we observe that of LE-Net requires the fewest FLOPs
compared to the listed methods. Specifically, LE-Net requires around 50% fewer
FLOPs compared to PointNet+4. We believe that this is due to two facts: 1)
LU is by default an efficient operator and 2) the use of bottleneck residual de-
sign reduces the FLOPs without compromising performance. Therefore, our
design of LE-Net is resource friendly. This trait is valuable in practical appli-
cation especially when CBD is required for emergency damage mapping where

computation resource is very limited.
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4.2.5 Robustness to the density variation

Robustness to the density variation
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FIGURE 4.8: Robustness to the density variation.

In this section, we analyze the impact of point density. This can on the
one hand can quantify the LE-Net’s robustness of LE-Net to density changes
and can investigate the generalizability against different sensors on the other.
Therefore, the robustness of the model to the density variation is thus important
to understand the model’s reusability. To do this, we vary the point density from
approximately 1 points/m? to 3.5 points/m? to compare the performance. Note
that we do not use any measure that deals specifically with density corruption
during the training. The scores of PointNet-++ are also reported for reference.

The result is reported in Figure 4.8. We observe from the figure that the
LE-Net’s performance drops significantly when the point density is extremely
low (around 1 points/m?). Since LE-Net learns from the surface geometry, we
believe that making points sparse directly destroys most of the geometry which
makes it impossible for the models to perform well. However, we observe that
the mloUs increase rapidly as the point clouds become denser. For instance,
when the average density is increased from around 1 points/m? to 2 points/m?,

the performance increases from 15% mloU to 74% mloU. Then, the performance
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keeps increasing slowly with increasing density. Therefore, we believe that LE-
Net is robust against a certain level of density corruption since 2 points/m? is
about 57% of the original density. In addition, the steep increase and subsequent
saturation of the performance suggest that there might exist a lower bound that
ensures the minimum amount of geometry in order to achieve an acceptable
performance. This observation is in fact in line with Critical Point Theory Qi
et al. (2017a). In their theory, they state that PointNet recognizes the point
clouds by recognizing key points, which are often significantly fewer than the
original point clouds. The key points usually form a skeleton of the object of
interest, making PointNet robust to a certain level of point corruption/noise.
Since LE-Net’s design is based on PointNet++-, which of course is based on
PointNet, we conjecture that such a theory is applicable to LE-Net as well.

We observe that LE-Net performs worse than PointNet-+-+ when the points
are extremely sparse. We believe that adversely affects the performance because
the major difference between LE-Net and PointNet++- is the use of LU. We con-
jecture that the lack of geometry makes discrete Laplacian challenging to infer
the underlying geometry by discrete approximation. However, with increasing
point density, LE-Net quickly recovers the performance. Concretely, LE-Net
begins to outperform PointNet++ when the point density reaches around 1.5
points/m?. Thus, it is evident that a sufficient amount of geometry is vital in
the design of LU.

4.2.6 Effect of neighborhood size k

In this section, we analyze the influence of k, the number of neighbors involved
in Group MLP and LU. The maximum number of k is 12 because the minimum
number of points after all down-samplings is 12 among buildings in the Mashiki
dataset. Therefore, we vary k from 2-12 to compare the performance. As
shown in Figure 4.9, we find that k=12 is the best choice that brings the best

performance. Therefore, we use k=12 as the default setting.

4.2.7 Damage mapping under a real-world scenario

In this section, we aim to further investigate the generalizability of trained
LE-Net under a real-world scenario. Concretely, we assume that there are no
building footprints/locations available to extract buildings and classify point
clouds. Therefore, we must apply LE-Net to a "scene" which encompasses the
disaster-affected regions and predict all points inside. To achieve this, we first

sample some seed points over the entire scene and extract the point clouds by
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FI1GURE 4.9: Effect of neighborhood size k.
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treating the seed points as centers. The procedure is illustrated in Figure 4.10.
As a result, a number of point clouds that cover the entire scene are extracted

and they are subsequently segmented by LE-Net.
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F1GURE 4.10: Illustration of seed point-based extraction.

We choose the Shimada area for this experiment. The overview of this area
is shown in Figure 4.11. Shimada is located to the south of the central area
of Mashiki-Town. We choose this area for a number of reasons: 1) this area is
inside the extent of LiDAR acquisition; 2) there are many buildings collapsed
due to the earthquake; 3) a high-resolution Google Earth historical image is
available which helps us to identify collapsed buildings.

In selecting seed points, we first perform 3D grid subsampling with a cell
size of 8m. For each grid cell, we randomly select a point as the seed point and
gather 8,192 nearest points to form a point cloud. Note that we have checked
that such a pair of parameters cover the entire region where a point is predicted
by LE-Net at least once.

Figure 4.12 shows the overview and details of the prediction results. As
can be seen, LE-Net shows an acceptable prediction which agrees well with the
Google Earth image in Figure 4.11. Moreover, we confirm that LE-Net can
detect collapsed and non-collapsed buildings well. For example, the zoomed-in
area contains several non-collapsed and collapsed buildings and LE-Net provides
a sound prediction. Therefore, we believe that LE-Net can perform well in

regions that are similar to Mashiki Town in real-world situations.
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FIGURE 4.11: Overview of the Shimada area (Google Earth).

Blue outline: Mashiki-Town. Green outline: the central area

of Mashiki-Town. Red outline: the Shimada area. Red shaded

area: LiIDAR extent. The background is the Google Earth his-

torical image (April 2016). LiDAR point clouds are color-coded
by elevation.
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FIGURE 4.12: Result of CBD of Shimada area.
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4.2.8 Experiments and discussions on ground deformation

induced building damage

In this section, we explore the applicability of LE-Net to ground deformation—
induced building damage. Despite that the ground is not a key component of a
building, ground deformations such as liquefaction and damage to the retaining
wall caused by earthquakes may cause significant damage to buildings. Note
that it is often hard to determine whether a collapse is caused by ground defor-
mations or ground shaking since their effects on the building cannot be separated
easily. Therefore, we limit ourselves to the exploration of the detectability of
building damage in the presence of ground deformations.

Theoretically, LE-Net is trained on the dataset designed based on the dam-
age chart (Okada and Takai, 2000) to separate D5 buildings and others. There-
fore, it is reasonable to expect that LE-Net performs well regardless of the ex-
istence of ground deformations. In the following, we provide the experimental
validation of the above assumption.

For the study area, we choose the area near Mashiki Town Community Hall
in which large ground deformations are observed. The overview of the area is
shown in Figure 4.13. As can be seen, many buildings in this area are collapsed
and infrastructures like roads and retaining walls are severely damaged as well.

In experiments performed in Chapter 2 and 4, this region is included in the
training region. Therefore, we change this region to the test region and treat

the original test region as the training region. This is illustrated in Figure 4.14.

The results are shown in Figure 4.15. The top row in the figure shows
a case where a building suffers from ground runoff. However, the building
still stands upright and therefore it is classified as “Non-collapsed”. As can
be seen, LE-Net correctly predicts this building as a non-collapsed building.
The misclassification occurs at the place where the roof touches the bank. We
speculate that this is because the roof of a collapsed building often falls off and
touches the ground, causing confusion. For a collapsed building with ground
deformations, LE-Net correctly classifies it as “Collapsed”. Misclassification
occurs at the place where a part of the road collapses, which is quite similar to
a part of a collapsed building. Therefore, we believe that LE-net can operate

reasonably well in the presence of ground deformations.
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FIGURE 4.13: Overview of the area with large ground deforma-
tions. Green: the central area of Mashiki Town. Red: study

area where large ground deformations occurred. Gold: Observ-
able ground deformations in this area.
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FIGURE 4.14: Change of training and test region. The area with
large ground deformations is thereby included in the test region.
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Ref. image Ground truth - Profile

FIGURE 4.15: Result of detection of a collapsed building in the

presence of ground deformation. Top: a non-collapsed building

ground deformations. Bottom: a collapsed building with ground
deformations.

4.3 Adaptability and Transferability of LE-Net

In this section, we validate the adaptability and transferability of LE-Net. The
definitions of both terms are described in Section 4.1. This section begins
with the development of the Haiti dataset, which is a dataset with substan-
tially different building characteristics. Next, we perform analyses to assess the
adaptability and transferability of LE-Net.

4.3.1 Haiti dataset

In this section, data sources and procedures for developing the Haiti dataset

are elaborated.

Study area and data sources

The study area is located in Port-au-Prince, Haiti, which was severely struck by
the 2010 Haiti earthquake. The earthquake killed approximately 222,560 people
and caused significant damage to buildings and infrastructures (World Bank -
ImageCat Inc., 2010a). The major structure types of this area are reinforced
concrete (RC) and masonry. Therefore, we can validate the generalizability of
the model to concrete buildings. As shown in Figure 4.16, the area near Haiti’s
National palace is chosen for extracting building samples. The area of about
2.7km? contains about 2,000 buildings.

After the earthquake, the World Bank, ImageCat Inc., and a network of
engineers and scientists performed a damage assessment and produced build-

ing footprints by manual photo-interpretaiton (World Bank - ImageCat Inc.,



4.3. Adaptability and Transferability of LE-Net

97

18°33'N

18°33'N

18°33'N

18°32'N

72°2TW 72°21"W

72°20'W

L w75

Port-au-Prince, Haiti

Buildings
B Grade 4
B Grade 5
() Study area
; Train region
Validation region
Test region

72°21W 72°21W 72°20'W

FIGURE 4.16: The study area of the Haiti dataset development.
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2010a). In this assessment, only the footprints of destroyed and very heav-
ily damaged buildings are mapped. The damage interpretation is based on
the EMS-98 standard (Griinthal, 1998). The building footprints are shown
in Figure 4.16. The very heavily damaged buildings and destroyed buildings
correspond to Grades 4 and 5 in EMS-98, respectively. For reference, the clas-

sification of damage to buildings according to EMS-98 standard is shown in

Figure 4.17.

Classification of damage to masonry

buildi

Classification of damage to_buildings of reinforced conerete

Grade 1: Negligible to slight damage
(no structural damage,
slight non-structural damage)
Hair-line cracks in very few walls,
Fall of small picces of plaster only.
Fall of loose stones from upper parts of

buildings in very few cases

Grade 1: Negligible to slight damage
(no structural damage,
slight non=structural damage)
Fine cracks in plaster over frame members
or in walls at the base.
Fine cracks in partitions and infills.

Grade 2: Moderate damage
(slight structural damage, moderate
non-structural damage)
Cracks in many walls
Fall of fairly large pieces of plaster.
Partial collapse of chimneys.

Grade 2: Moderate damage
(slight structural damage,
moderate non-structural damage)
Cracks in columns and beams of frames
and in structural walls.
Cracks in partition and infill walls; fall of
brittle cladding and plaster. Falling morntar
from the joints of wall panels

Grade 3: Substantial to heavy damage
(moderate structural damage,
heavy non-structural damage)
Large and extensive cracks in most walls
Roof tiles detach. Chimneys fracture at the
roof line; failure of individual non-struc-

tural elements (partitions, gable walls).

Grade 3: Substantial to heavy damage
(moderate structural damage,
heavy non-structural damage)
Cracks in columns and beam column joints
of frames at the base and at joints of
coupled walls. Spalling of conrete cover,
buckling of reinforced rods.
Large cracks in partition and infill walls,
failure of individual infill panels.

Grade 4: Very heavy damage
(heavy structural damage,
very heavy non-structural damage)
Serious failure of walls; partial structural
failure of roofs and floors.

Grade 5: Destruction
(very heavy structural damage)
Total or near total collapse.

Grade 4: Very heavy damage
(heavy structural damage,
very heavy non-structural damage)
Large cracks in structural elements with
compression failure of concrete and
fracture of rebars; bond failure of beam
reinforced bars; tilting of columns.
Collapse of a few columns or of a single
upper floor.

Grade 5: Destruction
(very heavy structural damage)
Collapse of ground floor or parts (e. g.
wings) of buildings.

FIGURE 4.17: Classification of damage to buildings according

to EMS-98. The figures are adapted from Griinthal (1998).

LiDAR data is provided by World Bank - ImageCat Inc. (2010b). It has an
average density of 3.40 points/m?, which is roughly the same as the Mashiki
dataset. As we know from Section 4.8, LE-Net is able to operate well when the
average density is at least 2 points/m?; therefore, we can expect LE-Net is not
influenced by the point density. We obtain the LiDAR data for the study area
by extracting it from the original one using the bounding box of the study area
(the green rectangle in Figure 4.16). The extracted LiDAR data is shown in
Figure 4.18.

Dataset development workflow

In this section, we describe the workflow of developing the Haiti dataset. The

objective is to develop a dataset where each point is assigned one of three classes
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FIGURE 4.18: The LiDAR data used for developing the Haiti
dataset. The point clouds are color-coded by elevation values.
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including “Collapsed”, “Non-collapsed”, and “Background”. Different from the
workflow of the Mashiki dataset, we develop the Haiti dataset in a fully au-
tomated manner. Specifically, the entire workflow is split into four successive

steps:
e Preclassification
e Footprint overlay and reclassification
e [solated misclassification refinement
e Building patch extraction

The overview of the procedure is shown in Figure 4.19. In developing the
dataset, one big issue is that Grades 1-3 buildings are not included in the
visual interpretation result since it only interprets Grades 4-5 buildings. This
is problematic because buildings in the study are very densely distributed; thus,
a building patch may contain Grade 1-3 buildings, which are not included in the
visual interpretation but should be classified as non-collapsed buildings. In order
to obtain the labeled cloud efficiently while not ignoring Grades 1-3 buildings,
we determine to first preclassify the point clouds into several general classes.
These classes include “Ground”, “Non-ground”, “Vegetation”, and “Building”.
In particular, the “building” class refers to buildings that are not collapsed.
Therefore, the “building” class should include Grades 1-4 buildings (they belong
to “Non-collapsed” based on the classification standard used in Chapter 2). In
order to improve the quality of preclassification, we compute the height above
the ground to augment the preclassification since the height above the ground
is known to be useful in airborne point cloud classification (Yousefhussien et al.,
2018). In practice, we implement the height above the ground computation and
preclassification using LAStools . As a result, we obtain the point clouds with
the general classification result.

For creating building samples that are suitable for feeding DNNs, we overlay
the building footprints from the visual interpretation result onto the preclassified
point clouds and overwrite the preclassification result with the damage grade of
the building footprints. Specifically, the Grade 4 and 5 buildings are treated as
“Non-collapsed” and “Collapsed” classes, respectively, according to Okada and
Takai (2000). For reference, we show the damage pattern chart (Okada and
Takai, 2000) in Figure 4.20.

'https://rapidlasso.com/lastools/
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(a) Raw point cloud
@ Non-ground
@ Ground
J Vegetation
© Building
Building footprints
Background

@ Non-collapsed

@ Collasped

(d) Footprint overlay and reclassification

FIGURE 4.19: The overview of the Haiti dataset development
workflow. (a) the raw point clouds color-coded by elevation val-
ues. (b) Height above the ground computation. (c) Preclassifi-
cation. Points are classified into four typical classes. d Footprint
overlap and reclassification. The building footprint is overlayed
to the preclassified point clouds followed by the reclassification
step. Consequently, each point is classified into one of the three
classes (“Collapsed”, “Non-collapsed”, and “Background”).
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FIGURE 4.20: Comparison among various damage scales (Okada
and Takai, 2000)

Then, we perform the reclassification step in which all points belonging to
the “Building” class are reclassified as “Non-collapsed” and other points belong-
ing to the “Non-ground”, “Ground”, and “Vegetation” classes are reclassified as
“Background”. As a result, we obtain a point cloud dataset where each point
belongs to one of the three classes.

The developed dataset is ready to use, however, some isolated misclassifi-
cations appear mainly on the edges of buildings due to the coarse annotation
procedure. Some typical examples are shown in Figure 4.21. As can be seen,
some points are incorrectly annotated due to the inaccurate overlay of the build-
ing footprint and point cloud or due to the errors in preclassification. These
isolated points may adversely affect the training as well as evaluation; therefore,
they need to be removed. To this end, we develop a simple algorithm called
the majority filter to refine isolated points from the created ground truth. The
algorithm is shown in python-style pseudo code in Algorithm 2. In essence, the
majority filter simply replaces the label of the current point with the major-
ity label of its neighbors. For instance, if a point belongs to the “Collapsed”
class and its neighbors “Non-collapsed”, the label of the point becomes “Non-
collapsed” after applying the majority filter. The effect of the majority filter
can be seen in Figure 4.21. As can be seen, some isolated points that appear

on the edges of the buildings are reclassified.
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FIGURE 4.21: The effect of the majority filter. After applying
the majority filter, the isolated misclassifications are removed
after applying the developed majority filter.
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Algorithm 2 The majority filter.
1: import numpy as np

2: import KDTree

3: zyz = 3D coordinates of a point cloud

4: N = the number of points in xyz

5: tree = KDTree(zyz)

6: Label = the original labels

7. NewLabel = ||

8 r = 1.5

9: for n iterations do

10: p = 3D coordinates of the point ¢

11: ind = tree.query _radius(p, r)

12: LabelCenter = Labelli]

13: LabelNeighbors = Label|ind)|

14: u, ¢ = np.unique(LabelNeighbors, return_counts=True)
15: SelfIndex = list(u).index(LabelCenter)
16: if (c[SelfIndex| / np.sum(c)) < 0.5 then

17: LabelNeighbors.append(u[np.argmax(c)])
18: else
19: LabelNeighbors.append(LabelCenter)

20: end if

21: end for

Statistics and examples

The statistics of the developed dataset are shown in Table 4.6 and 4.7. As
we can see, the Haiti dataset contains 2,052 buildings in total where 36% of
them are non-collapsed and 64% of them are collapsed. Although the number
of buildings in each class looks imbalanced, they have approximately the same
number of points according to Table 4.7. Therefore, unlike the Mashiki dataset,
the Haiti dataset is somewhat balanced.

Some buildings from the resulting dataset are shown in Figure 4.22. As can
be seen, many buildings in the study area are densely distributed. Moreover,
the dimension and appearance of buildings vary significantly. For example, the
first row of the non-collapsed shows a narrow and long building with a flat roof

whereas the bottom row shows a wide building with a gable roof.
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TABLE 4.6: The number of buildings in each split in the Haiti
dataset.

‘Non—collapsed Collapsed

Train 263 558
Validation 38 167
Test 434 592
Sum | 735 1,317

TABLE 4.7: The number of points in each split in the Haiti
dataset.

‘Background Non-collapsed Collapsed

Train 480,384 698,354 655,827
Validation 240,733 211,789 288,074
Test 858,404 945,274 650,679
Sum ‘ 1,579,521 1,855,417 1,594,580

The collapse forms of the buildings generally follow the damage patterns de-
scribed in Schweier and Markus (2006). The first row shows a building that is
totally collapsed with many plates remaining on top of the debris. The second
row shows a building with a deformed roof. Although the building is still stand-
ing, the roof shows a deformation likely due to the structural failure of some
stories. The third row demonstrates a typical pattern of RC building collapse
where some of the rebars remain vertical whereas other parts are destroyed com-
pletely. The collapsed building in the bottom row is one of the most frequent
collapse cases observed in the Haiti dataset. In this case, the collapsed buildings
are tightly surrounded by non-collapsed buildings. Since they are close to each
other, the boundaries between each of them are fuzzy; hence, their separation
becomes extremely challenging.

There are substantial differences in terms of building appearances between
the Mashiki and Haiti datasets. First, many buildings adopt flat roofs in the
Haiti dataset whereas the buildings in Mashiki town adopt gable roofs. This
difference is highly influential because the major part of a building captured by
the Airborne LiDAR system is its roof. Second, although they share common
collapse forms such as “heap of debris” and “pancake collapse”, their collapse
forms differ significantly due to the difference in major types of building struc-
tures. The main structure type of building in the Haiti dataset is RC and
masonry where destroyed buildings are represented as “standing walls without

roofs”, “heap of debris with plates”, and so on. Therefore, their collapse forms
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FIGURE 4.22: Visualization of buildings in the Haiti dataset.
Left: non-collapsed buildings. Right: collapsed buildings.

are often represented by the mixture of debris and plates where the roofs are
not identifiable. However, the main parts of the roofs of the collapsed buildings
in the Mashiki dataset often can be identified even if the entire buildings are
collapsed. Lastly, the boundaries of buildings in the Haiti dataset are difficult
to be identified because they are extremely close to each other whereas the

buildings in the Mashiki dataset can relatively be separated easily.

Differences between the Mashiki and the Haiti dataset

To validate the adaptability and transferability of LE-Net, we need to analyze
the difference between the two target regions. Since a LiDAR sensor captures
the surface, we limit our discussion to the difference in building appearance.
Since LE-Net is designed to separate collapsed buildings from non-collapsed,
we analyze the shape of the roof for the non-collapsed building whereas we
analyze collapse patterns for comparing collapsed buildings.

Concretely, we randomly take 50 samples from each dataset to visually clas-
sified the roof shapes. Although there is no standard for classifying roof shapes,
for simplicity, we classified roofs into two classes: roofs consisting of a single

plane and roofs consisting of multiple planes. Roofs with a single plane differ
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from each other by their sizes and vertical rotations whereas those with mul-
tiple planes often present a “umbrella” shape. The illustrations are shown in

Figure 4.23 and the classification results are shown in Table 4.8. As can be ob-

U
g TV

Roofs consisting of multiple planes Roofs consisting of a single plane

FIGURE 4.23: Roof types classification (JTC ROOFING CON-
TRACTORS LTD, n.d.).

Dataset Roofs with a single plane Roofs with multiple planes

Mashiki 10% 90%
Haiti 78% 22%

TABLE 4.8: Visual roof types classification result using 50 ran-
dom samples.

served, the roof type distribution of the Mashiki dataset is significantly different
from the Haiti dataset. Therefore, we confirm that the shapes of non-collapsed
buildings in the two datasets are very different.

Next, we compare the collapse patterns of buildings in each region. The
collapse patterns differ significantly because of the structure type. Thus, we
analyze the structure type distributions in the two areas. We obtain statistics
from Risai chosa and the Haitian Institute of Statistics and Informatics (more
exactly, its English translations from (Eberhard et al., 2010)). Because Mashiki
uses the structure type whereas Haiti uses the type of housing as basic units,
and because we do not have access to the raw data from Haiti, we present results
separately in Table 4.9 and Table 4.10. As can be seen, the major structure
type of buildings in Mashiki Town is wooden. In contrast, in the Port-au-Prince

region, the main types of housing are one-story house and multistory house or
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Type of structure ‘ Wooden Steel Concrete and block unknown

Percentage

| 82.9%

7.2%

0.7%

9.2%

TABLE 4.9: Structure type distribution of Mashiki Town

Type of housing ‘ Ratio Roof Wall Floor
Kayate (com- Thatch or palm Beaten
bined roof and | 0.3  leaves or others FEarth (74.1) earth
wall) (52.7) (93.4)
) Beaten
gaf(‘)flzs o5 ?i‘fe?t) metal porth (42.6)  earth
Joup ' (86.7)
Concrete or
One-story house | 62.7 (Sélle (;t) metal blocks or stones %an)r cte
’ (75.7) '
Multistory Concrete OF  erete
house or apart- | 30.3  Concrete (70.9)  blocks or stones (68.6)
ment (96.8) '
Concrete or Beaten
Others 4.2 (Sélg e5t) metal blocks or stones earth
‘ (48.2) (47.6)
TABLE 4.10: Structure type distribution of Port-au-Prince,

Haiti. The “Ratio” column shows the ratios of each type of hous-
ing in the Port-au-Prince area. The materials for each structure
component show the most popular material used for constructing
the component for a particular type of housing. The number in
the parentheses shows the percentages of such materials among

all materials.
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apartment which comprises 93% of the type of housing. For these two types of
housing, the major material is concrete. Therefore, we confirm that the main
structure types of the Mashiki and Haiti datasets are significantly different.
Next, we investigate the difference between wooden and concrete buildings in

their collapse patterns. The comparison result is shown in Figure 4.24. Qualita-

FIGURE 4.24: Comparison of collapse patterns of wooden and

concrete buildings (Okada and Takai, 2000). Left: collapse pat-

terns of the wooden building. Right: collapse patterns of con-
crete buildings.

tively, the typical collapse patterns differ greatly between wooden and concrete
buildings. For example, concrete structures may retain vertical pillars vertical
even if a building totally collapses, whereas the collapse patterns of the wooden
building do not include any such patterns. The only exception is total collapse
where buildings totally collapse and become a heap of debris. Therefore, we
believe that the difference between the Mashiki and Haiti datasets is significant

and thus suitable for validating the adaptability and transferability.

4.3.2 Performance assessment
Evaluation framework and settings

In this section, we perform three-fold evaluations of LE-Net concerning its
adaptability and transferability.

First, pretrained LE-Net on the Mashiki dataset is directly applied to the
Haiti dataset to quantify the usefulness of knowledge learned from the Mashiki
dataset on a substantially different event. By doing this, on the one hand, we can
understand how domain differences between two datasets affect the performance
in general and can identify what kind of collapse forms can/cannot be detected
after training using the Mashiki dataset on the other.

Next, we examine the adaptability of LE-Net by training LE-Net from
scratch on the Haiti dataset. Since we have only tested the performance of

LE-Net on the Mashiki dataset only, in this part we aim to investigate whether
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LE-Net can still perform well on the other dataset with substantially different
characteristics.

Lastly, we adapt (retrain) pretrained LE-Net on the Haiti dataset to assess
the transferability of LE-Net. Specifically, the LE-Net is first trained on the
Mashiki dataset and subsequently trained on the Haiti dataset to assess whether
the knowledge obtained from the Mashiki dataset can be transferred well using
LE-Net. In addition, since creating the annotation is costly in practice, we also
investigate how many training samples are required to achieve certain levels of
performance.

As for the experiment settings, we follow the ones used in Chapter 4 except
for the downsampling rate when adapting LE-Net to the Haiti dataset. The

downsampling rate is set to 4 instead of 2.
Evaluation without adaptation

TABLE 4.11: The result without adapting to the Haiti dataset.
Scores are IoUs (%).

Method ‘ Background Non-collapsed Collapsed  Average
LE-Net (Mashiki) | 91.1 86.1 50.8 76.0
LE-Net 52.7 (-38.4)  44.8 (-41.3) 22.8 (-28.0) 40.1 (-35.9)
PointNet-++- | 51.6 41.6 21.8 38.3

0.7
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BG Non-Col Col BG Non-Col Col
Predicted label Predicted label

FIGURE 4.25: Confusion matrices of LE-Net without adapta-
tion. Left: the matrix normalized by rows. Right: the matrix
normalized by columns.

The result is shown in Table 4.11. In general, the listed methods achieve
lower scores compared with the dataset they are trained on. Specifically, LE-Net
achieves a 35.9% lower average IoU than the one trained on the Mashiki dataset.

Specifically, the “Background” class reduces by 38.2%, the “Non-collapsed” class
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reduces by 42.5%, and the “Collapsed” class reduces by 28.0%. Given the sub-
stantial reduction of the performance, the impact of domain difference on the
performance of the model is very significant. As we can see, the reduction is
most severe in the “Non-collapsed” class. We conjecture that this is caused by
the huge difference in the appearance of buildings contained in the two datasets
because LE-Net learns from the surface geometry. As can be observed from Fig-
ure 4.22 and 2.11, they differ significantly in roof shapes, building dimensions,
and distributions, which leads to substantially different building shapes and
contextual information. Since “Non-collapsed” buildings in the Haiti dataset
are also different from both “Non-collapsed” and “Collapsed” in the Mashiki
dataset, it is highly likely that they are misclassified as “Background”. This
can be verified from the confusion matrix that is shown in Figure 4.25. As can
be observed from the left matrix, 36% of the misclassification happens between
“Background” and “Non-collapsed”.

Interestingly, the reduction of the “Background” class is also tremendous.
In other words, the performance of building localization also degraded signifi-
cantly. We believe that the reasons are two-fold: 1) the non-collapsed buildings
are incorrectly classified as “Background” due to its dissimilarity between the
Mashiki buildings and 2) much debris in the Haiti dataset is classified as “Col-
lapsed”; which is excluded and annotated as “Background” in the Mashiki case.
As can be seen from the left confusion matrix, the accuracy (i.e., recall) of
“Background” is extremely high. In contrast, as shown in the right matrix,
the precision of the “Background” is only 55%. The misclassifications between
“Non-collapsed” and “Collapsed” are 23% and 51%, respectively, which verifies
our observations.

As can be seen in the table, the reduction of “Collapsed” is less severe com-
pared with the reduction of other classes. A possible reason is that the collapse
forms in the Haiti dataset are similar to those of the Mashiki dataset to some
extent. For instance, the “heap of debris” type of collapse likely appears in both
datasets. However, the IoU score of “Collapsed” is significantly lower than those
of the other classes. A major reason for this is that much debris is classified
as “Collapsed” whereas it is classified as “Background” in the Mashiki dataset.
As can be observed from the left matrix, 51% of the collapsed building points
are misclassified as “Background”. On the other hand, 22% of “Collapsed” is
classified as “Non-collapsed” while 35% of the false alarms are caused by “Non-
collapsed”. We conjecture that the fuzziness between Grade 4 and 5 buildings
has caused such confusion. According to Okada and Takai (2000), Grade 4
includes partially collapsed buildings, which could be regarded as “Collapsed”.
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On the other hand, LE-Net still outperforms PointNet+-+ in terms of all

reported metrics, demonstrating its better generalizability to a different domain.

x [y

', Pl
) Z
L) x|y

Reference Ground truth  Prediction Profile

FIGURE 4.26: The qualitative results of LE-Net without adap-
tation.

We visualize some results to reveal more insights. The results are shown
in Figure 4.26. LE-Net pretrained on the Mashiki dataset typically produces
acceptable predictions in detecting totally collapsed buildings. For instance,
the first row shows a case when a collapsed building is manifested as a heap of
debris. We believe that the heap of debris is a common pattern in the Mashiki
and Haiti datasets, and thus this type of collapse form can be detected reliably.
Moreover, we find that success in detecting this type of collapse can be extended
to some specific cases of collapse forms of the Haiti dataset. The examples are
shown in the second and third rows. As we can see, the two buildings are both
collapsed in a way that the plates withstand in one piece and remain on top of
the debris. As shown in Figure 4.27, in fact, this is a common collapse pattern
of masonry/RC buildings (Schweier and Markus, 2006) that is not common
for wooden-frame structures. We believe that the resulting appearance of this
collapse form is similar to that of the heap of debris in general, thus leading to

a successful prediction.



4.3. Adaptability and Transferability of LE-Net 113
B | = | 6
. — L—-_J w | S \ ’
1. Inclined plane 2. Multi layer = 3. Outspread = 4 a) Pancake 4b) Pancake 4c) Pancake
collapse multi layer col- | collapse, first | collapse, inter- | collapse, upper
lapse | floor | mediate story | story
5. Pancake col- Pancake 5b) Pancake 5c) Pancake | 6. He’apiof de- 7a) Heap of
lapse, all stories collapse several collapse, inter- | collapse, upper  bris on uncol- debris
lower stories = mediate stories | stories | lapsed stories |
o ; . e _\' \_‘ ,/ .
=== | ‘ | el
7b) Heap of de- 7c) Heap of de- | 8. Overturn col- = 9a) Inclination = 9b) Overturn | 10. Overhanging
bris with planes | bris with vertical lapse, separated collapse elements
elements

FIGURE 4.27: The compilation of collapse forms. Adapted from

He et al. (2016D).
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FIGURE 4.28: The failure modes of LE-Net without adaptation.

Profile



114 Chapter 4. Collapsed Building Detection Using LE-Net

However, LE-Net fails to detect many types of collapse forms specific to the
Haiti dataset. Some typical examples are shown in Figure 4.28. The collapsed
building in the first row demonstrates a case where rebars remain above the
heap of debris. In terms of appearance, some points are floating above debris,
which is a rarely observable pattern for collapsed wooden-frame buildings. As
a result, such regions with rebars above are predicted as background whereas
the surrounding heap of debris is correctly predicted. Therefore, we presume
that LE-Net has difficulty in predicting the specific type of collapse that is
significantly different from the Mashiki ones in terms of appearance. However,
these types of collapse are often accompanied by debris around, and hence they
may be detected in practice by detecting surrounding debris.

The second row also shows a typical collapse pattern in the Haiti dataset.
The roof of the target building is significantly deformed probably due to the
structural failure of some stories. As we can see from the “Profile” column, the
roof smoothly deforms rather than shows non-smooth damage-like patterns.
Such a smooth deformation is not present in the Mashiki dataset as it is not
a frequent failure pattern of wooden residential buildings. Consequently, we
observe significant misclassifications occur on this building where more than
50% of the roof is classified as a non-collapsed building. We conjecture that
incorrect predictions are caused by the fact that such smoothly deforming roofs
are not frequent in the Mashiki dataset.

In another case, the collapse of narrow buildings is mostly ignored and classi-
fied as background (the bottom row). We conjecture that this incorrect predic-
tion is due to the significant difference in contextual information. Specifically,
the distribution of buildings in the Mashiki dataset is sparser than in the Haiti
dataset. In addition, houses in the Mashiki dataset are often surrounded by
background objects like trees. In terms of the building shape, there are few
narrow and long buildings in the Mashiki dataset. Therefore, such misclassi-
fication is unavoidable due to the above reasons. On the other hand, the left
part of the collapse is reliably detected. We believe that this part is not closely
surrounded by buildings, and hence the contextual information may be similar
to that of the Mashiki dataset. Besides, the heap of debris type of collapse is
also present in the Mashiki dataset. Therefore, LE-Net manages to produce

correct predictions on this part.

Evaluation of the adaptability

The quantitative results are listed in Table 4.12. In general, LE-Net successfully

outperforms PointNet++ in terms of average performance in each class, which
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TABLE 4.12: The result without pretraining. Scores are IoUs

(%).

Method ‘Baekground Non-collapsed Collapsed Average

PointNet-++ 65.9 62.6 38.8 95.8
LE-Net 68.4 64.4 40.8 57.9

is consistent with the case of the Mashiki dataset. Therefore, LE-Net has better
adaptability than PointNet++. Interestingly, the improvement is not limited
to the “Collapsed” class and improves by about similar numbers. Therefore, we
believe that LU can work well in detecting many other classes that benefit from
the enhancement /suppression of discontinuities.

In particular, an approximately 2% improvement over PointNet++ is ob-
served in detecting the “Collapsed” class. Therefore, LE-Net is better at adapt-
ing to the dataset that has significant collapse forms. Although LE-Net’s design
is motivated by the prior knowledge observed from the Mashiki dataset, we be-
lieve that the prior knowledge is sufficiently general and can be generalized to
different collapse forms such as the ones that appear in the Haiti dataset.

Further, the improvement is most conspicuous in detecting background classes
(4+2.4%); therefore, LE-Net is especially good at separating background and
buildings. In other words, it performs better than PointNet+-+ in building
localization. This is an important characteristic especially when the building
footprints of the affected regions are not available. Furthermore, a 1.8% im-
provement is observed in detecting the “Non-collapsed” class. We believe that
LE-Net’s ability to explicitly manipulate smoothness information represented
by the discrete Laplacian is also useful in detecting non-collapsed buildings since
most buildings in the study area adopt flat roofs.

To reveal more insights about how LE-Net improves PointNet+-+, we visual-
ize some results in Figure 4.29. For instance, the first row shows a common case
in the Haiti dataset where a relatively small collapsed building is located in be-
tween other buildings. Although PointNet+-+ almost fails to detect it, LE-Net
locates the building accurately. We think that the ability to enhance/suppress
the discontinuities increase the sensitivity of LE-Net to the collapsed buildings,
leading to better detection.

LE-Net also adapts well to a situation specific to the Haiti dataset. In the
second row, the roof of the collapsed building might fall off or be destroyed while
its walls are still standing, exposing the structure of the building. PointNet++
completely fails to detect this collapsed building by predicting them as “Back-

ground”. Therefore, it is not trivial to detect this type of collapse. In contrast,
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FIGURE 4.29: The qualitative results of the adaptability exper-
iments.

the enhanced capability of LE-Net enables LE-Net to detect it successfully.
Since the major difference between LE-Net and PointNet++ is LU, we believe
that LU’s ability to enhance such discontinuities leads to the enhancement of
the feature representation of this type of collapse pattern.

Furthermore, the bottom row shows a challenging case where an inclined and
tall building is among the lower buildings, densely distributed. This pattern is
rare even in the Haiti dataset, and thus detecting such a kind of collapse may be
difficult. As expected, PointNet++ ignores this collapsed building completely.
On the contrary, LE-Net manages to produce partially correct predictions. This
is significant in practical situations because it avoids a possibly fatal omission
error. As can be seen, the correctly predicted part is a heap of debris appearing
on the building. We believe that it is successfully detected because of the

selective enhancement brought by LUs.

Evaluation of the transferability

The result is shown in Figure 4.30 and Table 4.13. As can be seen, the ef-
fect of pretraining, which is the effect of knowledge obtained from the Mashiki
dataset, is most obvious when available training samples are few. Specifically,
the average IoU (mloU) of LE-Net is substantially higher (+12.6%) than the
one without pretraining when only 2.5% (21 building samples) of the training
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F1GURE 4.30: The transferability of LE-Net with varying num-
bers of training samples.
TABLE 4.13: The effect of pretraining with increasing numbers
of training samples (%). The percentages in the parentheses
indicate the amount of training data used for adaptation.
Method 21 41 82 164 328 493 657 821
(2.5%) (56%) (10%) (20%) (40%) (60%) (80%) (100%)
LE-Net 39.3 464 522 535 551 554 564 579

LE-Net (pretrained) | 51.9 53.2 54.2 553 56.8 574 582 59.0
A 126 6.8 2.0 1.8 1.7 2.0 1.8 1.1
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samples are available. In practice, making annotations is always an expen-
sive procedure that requires a network of experts to interpret and handle data.
Therefore, obtaining substantially better performance with only a small fraction
of data is an attractive trait.

Moreover, it is observed that the gap in the scores between pretrained LE-
Net and LE-Net without pretraining gets smaller with increasing training sam-
ples. Therefore, the effect of pretraining is especially useful when training sam-
ples are few and its effect gradually diminishes when the number of training
samples increases. We believe that with the increasing number of training sam-
ples of the application domain, the most suitable feature representation can be
learned quickly and replace those of the sub-optimal ones that come from the
dataset that performed pertaining. Interestingly, despite the gap between pre-
trained and non-pretrained models becoming smaller with increasing training
samples, we observe that this gap is initially made small quickly and stabi-
lized from about 20% training sample used. Therefore, we conjecture that al-
though much knowledge is replaceable, some knowledge useful knowledge from
the Mashiki dataset is not replaceable and keeps being effective even when the
training samples keep increasing rapidly.

On the other hand, we observe that LE-Net, regardless of their use of the
Mashiki dataset, outperforms PointNet++ consistently. In fact, LE-Net out-
performs the pretrained PointNet++ when 100% of the training data is used.
Therefore, we believe that LE-Net has better adaptability and transferability
compared with PointNet-++.

4.3.3 Analysis and discussion on the performance gap be-
tween the Mashiki and Haiti results

Comparing the result of CBD in the Mashiki dataset (Section 4.2.1) and the
result of the adaptability, we find that there is an approximately 18% mloU gap
between the result of the Mashiki and Haiti cases. Therefore, here we provide
an analysis to identify the possible reasons for such a gap.

First, we reduce the training data in the Mashiki to match that of the Haiti
case while leaving test data unchanged. Then we retrain LE-Net using similar
numbers of training data and perform predictions. The results are reported
in Figure 4.31. As can be seen, we observe systematic differences between the
performance of LE-Net trained on the Mashiki and Haiti datasets. Therefore,

the number of training data may not be the direct cause of the performance

gap.
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FIGURE 4.31: Performance difference between the Mashiki and
Haiti results with varying numbers of training samples.
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On the other hand, we find that there are ambiguities in the definition of
non-collapsed and collapsed buildings in the Haiti dataset. The ambiguities

are illustrated in Figure 4.32. As can be seen from the figure, there are

Non-collapsed Collapsed

FI1GURE 4.32: Ambiguities in the definition of non-collapsed and
collapsed buildings in the Haiti dataset. The figure is adapted
from Okada and Takai, 2000.

ambiguities in both definitions of non-collapsed and collapsed buildings. Con-
cerning non-collapsed buildings, the most severely damaged buildings would
appear significantly different from others in the LiIDAR sensor. On the other
hand, they would appear very similar to the collapsed buildings instead. Such
an ambiguity undoubtedly brings classification difficulty to human operators
who often visually interpret the building damage from aerial images or LiDAR
data. Moreover, it is very challenging for a model to learn from such data and
perform well. Therefore, we believe this ambiguity may be the major cause of
the decrease in performance compared with the Mashiki case. To verify this
point, we show some examples reflecting such ambiguities in Figure 4.33. As
we can see, the top row shows a case where a building with a significant incli-
nation is classified as “Non-collapsed”. On the contrary, the bottom row shows
a case where a building is classified as “Collapsed” even though most part of
its roof is nearly undamaged. Such inconsistency in the ground truth definition
surely causes confusion and leads to degraded performance. To remedy this,
we conjecture that a LiDAR-specific damage chart needs to be introduced so
that buildings can be more easily separated. In addition, we also find some

other problems related to ground truth: 1) roofs are inclined /deformed but not
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Ref. image Ground truth Profile

FIGURE 4.33: Examples of ambiguities in the Haiti dataset.

observable from aerial images; 2) small and narrow buildings that cannot be
recognized from aerial images; 3) building shadows that hide target buildings.
However, we note that LE-Net manages to learn useful patterns from such a
dataset which is validated by the adaptability and transferability experiments;
hence, we believe that sufficient performance is achieved and the validation of

the adaptability and transferability are achieved.

4.4 Summary

In this section, the effectiveness, design choices, decision-making, limitations,
efficiency, and robustness of LE-Net are validated using the Mashiki dataset.
Moreover, the adaptability and transferability of LE-Net are validated.

e Effectiveness: The quantitative evaluation reveals that LE-Net outper-
forms those methods significantly in terms of overall performance. Then,
the detailed comparison of LE-Net and PointNet+-+ demonstrates that
LE-Net consistently outperforms PointNet++ in terms of precision, re-
call, and IoU. In particular, LE-Net performs exceedingly well on the
“Collapse” class; therefore, the effectiveness of the LE-Net in detecting

collapsed buildings is successfully validated. In addition, the quantitative
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analysis verifies that LE-Net especially not only performs well in detect-
ing buildings with severe visible damage but also can detect the buildings
that do not present significant clues of damage (e.g., a slight inclination),
which tend to be ignored by PointNet++-.

Design choices: To understand the role of LU better, we also perform vari-
ous analyses of LU. First, we conduct the component analysis and verified
that each component of LU is vital for achieving the best performance.
Next, we visualize the most influential part, the function F, to investi-
gate its behavior. As a consequence, we understand that F can enhance
feature representations of relevant discontinuities (e.g., roof deformations)

and suppress the irrelevant ones simultaneously.

Decision-making and limitations: We also investigate the decision-making
of LE-Net through visual explanation, which is important to applications
like CBD. The result shows that LE-Net bases its decisions on debris, roof
deformations, and regions where roofs and ground touch. Furthermore,
we identify some typical failure modes of LE-Net. We identify that LE-
Net has difficulty in inferring the structural consistency of the building
when it is broken apart. Moreover, LE-Net also tends to predict the near-
complete part of the building as “Non-collapsed” and the collapsed part
“Collapsed”. We also confirm that it is challenging to recognize a pancake

collapse well due to the lack of roof deformation or inclinations.

Efficiency: We analyze the computational efficiency of LE-Net. It reveals
that although LE-Net requires slightly more parameters than other net-
works, it does not overfit. More importantly, LE-Net requires the fewest
FLOPs compared to others, which means it is more efficient in the use
of computation resources. Therefore, LE-Net is suitable for real applica-

tions where computation resources are limited (e.g., emergency damage

mapping).

Robustness to the density variation: we investigate the robustness of LE-
Net w.r.t the point density. It has been shown that LE-Net performs well
with about 60% of the original average density.

Adaptability: The adaptability of the LE-Net is validated using the Haiti
dataset. The comparison of LE-Net of PointNet++ reveals that LE-Net

consistently outperforms PointNet++ in all evaluation metrics.
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e Transferability: The transferability of the LE-Net is validated by adapting
pretrained LE-Net and PointNet+-+ to the Haiti dataset with varying
numbers of training samples. As a result, we find that pretrained LE-Net
always outperforms PointNet++; hence, the better transferability of LE-
Net is verified. Further, we observe that the knowledge from the Mashiki
dataset is most useful when available training samples are few, which is
often the case in emergency damage mapping. In addition, although the
usefulness of the knowledge from the Mashiki dataset diminishes with
increasing numbers of training samples from the Haiti dataset, pretrained
LE-Net always outperforms the non-pretrained counterpart. The same
pattern is also observed in the PointNet+-+ case. Therefore, some of the
knowledge learned from the Mashiki dataset is general and have a long-

term positive effect even with the training samples keep increasing.
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Chapter 5

Conclusions

5.1 Summary

CBD is important for humanitarian rescue and obtained information is useful
for post-disaster recovery. Motivated by the fact that 3D point clouds are
suitable for CBD, and motivated by the remarkable performance of DNNs in
point cloud analysis, this research has explored the possibility of deep learning—
based CBD using 3D point clouds. Based on the extensive literature review, we
identify two issues that prevent this research from going further: 1) the lack of
a suitable dataset on which DNNs can be trained and evaluated and 2) the lack
of a method dedicated to CBD. The first issue is a fundamental one because a
well-prepared dataset has a tremendous impact on the performance of DNNs.
The second issue reveals that the domain-specific knowledge of CBD is yet to
be integrated into the model design of DNN. Therefore, we set two goals for

this research, which are:

e Objective 1: Develop a suitable dataset for point cloud—based CBD and

analyze the performance of existing DNNs,

e Objective 2: Develop a dedicated method for CBD by integrating domain-

specific prior knowledge into the model design.

We choose the 2016 Kumamoto earthquake as our target event. The field
survey results and post-event LiDAR data of the Mashiki town, the most
severely affected region, are used for developing the Mashiki dataset. A seam-
less development workflow is designed for this purpose. The benchmarking of
several mainstream DNNs is performed to investigate what can and cannot be
done by DNNs with a special focus on the analysis of PointNet+-, the standard
network for 3D point cloud processing. The result reveals that buildings that
show severe signs of damage can be detected reliably but those with insignificant
clues cannot be detected or even missed. We conclude that the most practical

way to detect such collapsed buildings is to use prior knowledge of damage.



126 Chapter 5. Conclusions

In order to develop a method dedicated to CBD by integrating domain-
specific knowledge into the model design, we first perform an in-depth analysis
regarding the nature of the damage and identify the usefulness of smoothness in-
formation. To encode smoothness while enabling a natural integration to DNNs,
we choose the discrete Laplacian as our fundamental tool, and its usefulness to
represent damage numerically is subsequently verified. We also identify a prob-
lem of the discrete Laplacian, that is, it lacks selectivity in differentiating the
useful discontinuities from the less useful ones. To this end, we propose LU, a
computational module that can encode smoothness information selectively by
enhancing the useful one and suppressing the less useful one. Using LU as a
core, we construct LE-Net, a network dedicated to CBD.

The effectiveness of LE-Net is validated using the Mashiki dataset. Specifi-
cally, LE-Net outperforms all other listed baselines in the CBD task. It can de-
tect buildings with better accuracy with fewer false alarms. Specifically, LE-Net
can detect buildings with insignificant damage clues, that is, buildings without
significant roof deformation and with slight inclinations, which are the build-
ings that are completely missed by PointNet++. In addition, various analysis of
LU is performed to understand its effect quantitatively and qualitatively. The
analyses verify that each component of LU is vital with the selectivity function
being the most influential factor. Therefore, its roles are also investigated in
detail and verified its selectivity qualitatively. Given the importance of inter-
pretability in CBD, we perform visual explanation analysis to investigate the
decision-making of LE-Net. As a result, we find that LE-Net makes classifi-
cation decisions by accurately locating damage-related regions. The efficiency
and robustness of LE-Net are also investigated. Further, the applicability of
LE-Net under various scenarios is also validated.

We also examine the adaptability of LE-Net to a substantially different
dataset and its transferability which is its ability to reuse the knowledge learned
from the Mashiki dataset. For this purpose, we develop another dataset, termed
the Haiti dataset, which is developed using data acquired after the 2010 Haiti
earthquake. By training the models on the Haiti dataset without pretraining
on the Mashiki one, we verify that LE-Net has better adaptability compared
to PointNet++. Also, the transferability of LE-Net is also verified. Pretrained
LE-Net consistently outperforms the PointNet+-+ when increasing the number
of training samples gradually. The knowledge from the Mashiki dataset is most
useful when training samples of the Haiti dataset are few and it diminishes
with increasing training samples; however, we find that the effect of pretraining,

though it diminishes, seems to have a long-term positive effect.
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We provide the answers for the above objectives in the following.

Answer to Objective 1: We have achieved the objective. We have created
the Mashiki dataset and benchmarked several mainstream DNNs. The Mashiki
dataset is developed in a rigorous way and enables a comprehensive evaluation
of DNNs. The benchmarking result indicates that the mainstream DNNs cannot
achieve satisfactory performance. Therefore, further effort needs to be spent on
developing a dedicated method for CBD.

Answer to Objective 2: We have achieved the objective. Based on the analy-
sis of damage characteristics, we develop LU that selectively enhances/suppresses
discontinuities. The LE-Net is constructed using LU as a core operator. Ex-
tensive experiments have verified the effectiveness of LE-Net and confirmed the
usefulness of LU.

We believe that the contributions made by this research have a significant
impact on advancing the DNN-based CBD using 3D point clouds research.
Specifically, the developed workflow can be a reliable standard when developing
another dataset. How we develop LE-Net can be a nice conceptual framework
for integrating prior knowledge into the model design for CBD. Moreover, the
results of this research can be used directly in real-world applications. Given
the Mashiki dataset, we can expect LE-Net to work well if the characteristics of
the target area are similar to the Mashiki town and the event is an earthquake.
The developed dataset is also helpful as a pretraining dataset so that it can
effectively improve the application of a model to a different region, especially
when training samples are few. Given the effectiveness, efficiency adaptability,

and transferability of LE-Net, it can be the default choice that a user can adopt.

5.2 Limitations

We describe the most significant limitations found in this research below.

e Our specific choices of datasets (Mashiki and Haiti) inevitably introduce
some limitations to this study. Specifically, first of all, we cannot vali-
date comprehensively the effectiveness of LE-Net in detecting collapsed
buildings other than wooden and concrete buildings. For instance, we
cannot comprehensively verify LE-Net’s effectiveness in detecting steel-
framed buildings. Secondly, LE-Net’s performance may also be greatly
influenced by roof shapes that are not present in the Mashiki or Haiti

since it learns from geometry.
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e Although much automation is realized during the development of a point

dataset for deep learning—based CBD (e.g., Section 2.3.1, 2.3.3), we gen-
erally find that the development workflow is still time-consuming. Most
of the inefficiency comes from the annotation process of point clouds. The
annotation needs to be done manually and the manual selection of build-
ing point clouds is not trivial and requires domain expertise. Besides,
manual selection itself takes much time; hence, manual selection needs to

be further assisted and automated.

LE-Net cannot infer the structural consistency of the collapsed building.
For example, it is shown that LE-Net has difficulty in recognizing partially
collapsed buildings (Section 4.2.3). We observe a typical failure pattern
where LE-Net predicts the collapsed part of the building correctly but fails
to identify the standing part. A possible reason is that the shape of the
standing part is relatively complete like a non-collapsed building. Also,
this point is also validated by Section 4.2.3 where LE-Net cannot identify
the pancake-collapsed building due to the completeness of the roof shape

even though it correctly identifies the closely located deformed roof.

LE-Net’s excessive dependence on the local geometry. As can be seen from
Section 4.2.5, LE-Net cannot outperform PointNet-++ when the average
point density is extremely low. We think that the loss of fine geometry
influences the quality of the discrete Laplacian greatly, leading to incorrect

geometric representation, which in turn adversely affects the performance.

5.3 Future Work

Some probably fruitful research directions that extend this research are identi-

fied as follows:

e More efficient point cloud annotation. As shown in Section 4.3.1, suitable

automation in preclassifying the point cloud greatly reduces the annota-
tion cost. We think that a feasible way to speed up the annotation is to
create a better preclassification classifier with a small number of train-
ing samples and a large number of hand-crafted features. The key to
this is that some machine learning classifiers are more data efficient than
DNNs. They can be trained well with fewer training samples as long as
the hand-crafted features are well-designed. However, the suitability of
hand-crafted features needs to be identified and machine learning classi-

fiers need to be compared. In addition, the performance of the classifiers
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w.r.t the number of training samples needs to be analyzed in order to

quantify annotation-automation trade-offs.

e More label noise tolerable training/methods. Although creating a dataset
with very accurate labels is difficult, developing a dataset with coarse
annotations is not time-consuming as long as the locations of buildings
are known, as is demonstrated in Section 4.3.1. The noisy labels are
relatively easy to produce by first locating buildings and then annotating
the buildings simply (e.g., annotating buildings with simple bounding
boxes). One way to improve the performance without an accurate dataset
is to train the models with label noise robustness (Song et al., 2022). Since
the primary goal of CBD is to detect not to detect perfectly, the noisy
labels can still be useful as long as the model is informed about how noisy

the training samples are.

e Make LE-Net more structure-consistency aware. As described in Sec-
tion 5.2, LE-Net is not good at recognizing partially collapsed buildings
due to the completeness of the non-collapsed part of the buildings. One
way to resolve this is to change the task formulation so that a building
can only have one label. For example, we formulate the task as instance
segmentation so that a building can only have one label. In addition, we
can also formulate the task as joint classification and segmentation. Sim-
ilar to the above solution, in this way we can force the model to predict a
category label for a building. On the other hand, from the methodological
point of view, we can extend LE-Net in such a way that it can exploit the
relationship between identified buildings and their surroundings better.
For example, we can deliberately make the predictions more consistent by
enforcing prediction smoothness based on some proximity measure. Fur-
thermore, the difference in predictions is caused by the difference in feature
representations; hence, feature representations within partially collapsed

buildings can be made close by methods like contrastive learning.

e Make LE-Net more robust to the density variation. LE-Net inevitably is
vulnerable to the corruption of local geometry because of the use of Lapla-
cian. Therefore, some measures can be taken to tackle this vulnerability.
The most direct way is to use data augmentation techniques so that the
model can learn to be robust. A typical data augmentation technique is
random point dropping (Qi et al., 2017b) which drops points with some
probability before feeding point clouds to the model. For another exam-

ple, we can implement training with dynamically changing scales (Xiu,
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Shinohara, and Matsuoka, 2019). In this method, the input is dynami-
cally extracted with varying radii from the entire point cloud on-the-fly.
When extracting, the points are randomly sampled; therefore, the same
building may produce a point cloud with a different average density and a
different amount of contextual information. From a methodological point
of view, the neighborhood selection process can be improved such that
LU only finds reliable neighbors. The currently used method for neighbor
point selection is kNN which is a deterministic method. Therefore, it is
directly affected by the corruption of local geometry. To combat this, we
can design a learnable neighbor point selection so that LU has enhanced

flexibility in choosing reliable and effective neighbors.
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Additional Analyses

The content of this chapter is mainly based on Xiu et al. (2023).

A.1 Extended Comparison and LE-Net Large

TABLE A.1l: Extended comparison of overall performance. OA
(%) and mIoU (%) of each method are reported. The bold texts
indicate the best performance. Param. (M) and FLOPs (G)
denote the number of parameters and floating point operations

per second, with lower scores indicating higher efficiency.

Method Param. FLOPs OA mloU
PointNet (Qi et al., 2017a) 3.5 72 906 T7L5
PointNet++ (Qi et al., 2017b) 3.5 8.6 923 728
DGCNN (Wang et al., 2019b) 1.6 5.4 90.3 72.0
UPA (Xiu et al., 2021a) 6.6 11.9 93.1 748
PAConv (Xu et al., 2021) 11.0 61.7 938 749
PointMLP (Ma et al., 2022) 6.4 14.1 93.5 75.1
LE-Net (Ours) 4.3 4.1 93.4 76.0
LE-Net Large (Ours) 6.3 9.7 94,5 80.1
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Resulting LE-Net is an efficient network that only requires a small num-

ber of computational resources. This trait makes LE-Net especially fitting to

emergency disaster response where collapsed buildings need to be detected with

limited computation resources. On the other hand, it is also important to ex-

plore the potential of LE-Net given sufficient computation resources by which

the detection accuracy can be effectively improved, thereby offering users an

opportunity to freely choose whether to prioritize efficiency or target accuracy

based on practical requirements and available resources. To this end, we design

LE-Net Large, a scaled-up variant of LE-Net. Since the performance of modern
DNNs is known to be highly dependent on their network depths and widths (He
et al., 2016a; Tan and Le, 2019), we construct LE-Net Large by increasing the
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TABLE A.2: Detailed comparison of LE-Net (Ours), LE-Net

Large (Ours), and PointNet+-+. Class-wise precision (%), recall

(%), and ToU (%) of each method are reported. Texts in paren-
theses indicate improvements over PointNet-+-.

‘ Collapsed Non-Col.  BG
Pre. | 58.6 89.8 96.0
PointNet++  Rec. | 64.8 92.9 93.3
IoU | 44.4 84.1 89.8
LE-Net Pre. | 66.9 (+8.3) 91.2 (+1.4) 96.3 (+0.3)
(Ours) Rec. | 67.8 (+3.0)  93.9 (+1.0) 94.4 (+1.1)
IoU | 50.8 (+6.4)  86.1 (+2.0) 91.1 (+1.3)
Pre. | 75.2 (+16.6) 92.4 (+2.6) 96.9 (+0.9)
(Lguie)t Large poc | 74.6 (108) 952 (+23) 95.0 (+1.7)
IoU | 59.9 (+15.5) 88.2 (+4.1) 92.2 (+2.4)

depth and width of LE-Net. Specifically, the input channel width C is increased
from 128 to 150. Then, the depth of the network is increased by repeating LU-
MLP blocks in each resolution level. Consequently, LE-Net Large is constructed
as a 12-layer network (with two, two, six, and two LU-MLP blocks in the first,
second, third, and fourth resolution levels, respectively).

As a result, as can be seen in Table A.1, LE-Net Large further advances
upon LE-Net significantly at the expense of increased computational resources.
Specifically, LE-Net Large achieves a 1.1% gain in OA and 4.1% gain in mIoU
over LE-Net. Moreover, LE-Net Large outperforms the latest methods while
requiring fewer computational resources. In particular, LE-Net Large outper-
forms the PointMLP, the second-best method, by 1.0% OA and 5.0% mloU.
Therefore, the proposed methods are effective in terms of overall performance.

With sufficient computational resources, LE-Net Large further improves de-
tection performance significantly. See Table A.2. As with LE-Net, LE-Net Large
significantly improves performance for the collapsed class, while providing rel-
atively small improvements for other classes. In general, greater improvements
compared to LE-Net are observed, demonstrating the full potential of LE-Net

with increased computational resources.

A.2 Comparison of Different Local Operators

In this section, we compare different operators. Specifically, we replace the Ax;

in Equation 3.5 with different operators to compare performance. The result is
shown in Table A.3.
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Method mloU
Local Self-Attention 74.3
Gaussian 75.0
Average 75.4

Discrete Laplacian 76.0

TABLE A.3: Comparison of different local operators. mIoU (%)
of each method are reported.

The first choice is renowned Self Attention (Vaswani et al., 2017). To adapt
it to our setting, we implement the variant of Self Attention where its scope
is limited to local neighbors. As can be seen, our choice (Discrete Laplacian)
outperforms it significantly. Next, we use a gaussian weighted combination of
point features to replace the discrete Laplacian. As a result, we observe that
our choice outperforms it. Finally, we use a simple average filter to replace the
discrete Laplacian. As shown in Table A.3, the discrete Laplacian outperforms
it by 0.6.

A.3 Spectrum of building point clouds

In this study, we primarily use the discrete Laplacian for encoding edges or
high-frequency components. In this section, we provide an analysis based on the
Fourier transform, which can also be used to detect high-frequency components.
Specifically, we create the digital surface model from point clouds and apply a
2D Fourier transform to obtain the spectrum of the digital surface model. A
grid is applied to points and the maximum height within grid cells is taken as
the value of the cell. Then, we apply frequency mask and inverse transform
to analyze the distribution of high-frequency components. The result is shown
in Figure A.1. As we can see from the spectrum, apart from the vertical and
horizontal patterns, a non-collapsed building shows a regular diagonal pattern
of frequencies. This is because the left and right sides of the roof edges are
quite salient. As expected, high-frequency components appear on the edges of
the roof. On the other hand, we find in the second row that many frequencies
are occupied by a totally collapsed building. The shape of the building is quite
irregular due to the collapse; thus, it requires many frequencies to reconstruct
the image. Since a building becomes smoother when it collapses to the ground,
the high-frequency component appears outside the building footprint. The third
row shows an inclined collapsed building of which the roof is not so damaged.

We observe that the frequencies used are relatively fewer compared with the
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Reference  Digital surface  Spectrum  High frequency
model component

FIGURE A.1: Result of Fourier analysis.
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totally collapsed one. The high-frequency components mainly appear on the
edges that are still above the ground after the collapse.

In this study, we prefer the discrete Laplacian because, first, there is no
trivial way to apply Fourier transform to point clouds directly. Second, the

conversion to images/voxels causes information loss, and hence not desired.

A.4 Use of spatial geometry in the Laplacian Unit

In this section, we validate the usefulness of explicit inclusion of 3D geometry
(positions) in the computation of LU. We perform the experiment using the
Mashiki dataset. The result is shown below: As can be seen, LU w/ and

Method ‘ mloU

LU 76.0
LU with positions | 75.9

TABLE A.4: Usefulness of 3D geometry in LU

w/o geometry achieves a similar performance. Therefore, we conclude that the

inclusion of geometry is not necessary for LU computation.
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Appendix B

Application of LU to Other Tasks

The content of this chapter is mainly based on the technical report (Xiu et al.,
2022a).

B.1 Application to Shape Part Segmentation

Dataset We adopt widely used ShapeNet Part (Yi et al., 2016) dataset for
part segmentation. This dataset contains 16,880 synthetic 3D objects. Cate-
gories included are some common objects like hats and knives. It contains a
total of 16 object categories with 50 part categories where each object is anno-
tated into two to six parts. Each point cloud contains around 2,300 points. For
benchmarking purposes, we use the data provided by (Qi et al., 2017b). The
standard train-test split in which 14,006 models are used for training and 2,874

models for testing is adopted.

Result As shown in the first row of Fig. B.1, with LUs, the network pro-
duces more precise predictions in near boundary regions compared to the plain
counterpart. Therefore, LUs are especially effective in locating object bound-
aries. This point is also verified in the second row of Fig. B.1 in which the
network manages to detect very subtle changes of the surface and prevents
over-smoothing. In contrast to the plain network which is confused by simi-
lar parts (e.g., tabletop and drawer, the third row of Fig. B.1), the network
clearly identifies two parts as separated ones and produces more perceptually
sound predictions. We conjecture that the recognition of boundaries helps the

network to separate different parts.

B.2 Application to Scene Segmentation

Dataset We use Stanford Large-Scale 3D Indoor Spaces (S3DIS) (Armeni

et al., 2016) for scene segmentation. In total, six indoor environments (areas)
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e

w/o LU w/ LU Ground truth ~ Correction map

Ficure B.1: Qualitative result of part segmentation. The cor-

rection map indicates the predictions that are corrected by com-

bining LUs with the plain network. Green points show the cor-

rected prediction. Compared with the plain network (w/o LU),

the network with LU (w/ LU) makes the network more sensitive

to part boundaries, which prevents over-smoothing and results
in more perceptually sound predictions.
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containing 272 rooms are included. Each point is labeled with a class from 13
categories. The number of points contained in a room ranges from 0.2M to
4.5M. As suggested by (Tchapmi et al., 2017), we use Area-5 for testing and

others for training.

‘

T

RGBD w/o LU w/ LU Ground truth Correction map

FIGURE B.2: Qualitative result of scene segmentation. The

correction map indicates the predictions that are corrected by

combining LUs with the plain network. Green points show the

corrected prediction. Owing to its ability to perform smoothing

and sharpening adaptively, LU encourages the network to pro-

duce sharp boundaries while keeping within-boundary regions
smooth.

The primary effect of LU is the accurate localization of object boundaries.
As can be seen in the correction map of the first row of Fig. B.2, the improve-
ment is shown in near-boundary areas, making predictions more faithful to the
ground truth. Secondly, owing to its ability to perform adaptive smoothing, the
network with LUs, in general, produces smoother predictions. For instance, the
fourth row of Fig. B.2 shows that not only the boundary of the window is rec-
ognized precisely but also the predictions of the within-boundary region present

a smoother distribution compared to the one without LUs. Furthermore, with
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the increased sensitivity to the geometrical /semantic changes of the surface,
the network with LUs detects objects that are completely ignored by the plain
counterpart and considerably improves the predictions both qualitatively and
quantitatively (e.g., the second row of Fig. B.2). We believe that giving the
freedom to perform smoothing or sharpening to LU makes the network more
aware of the connectivity of the underlying surface, thus making predictions

smoother within and sharper near object boundaries.

B.3 Curvature Analysis

To shed light on the underlying mechanism of LU, we can evaluate the change
of the mean curvature before and after applying LU. Specifically, the increased
curvature implies that the local surface undergoes a sharpening while the cur-
vature becomes small when it is smoothed.

We provide qualitative analysis concerning the underlying mechanism of LU
and explain how LU improves performance. As we have described, the behavior
of LU can be investigated by analyzing the change of curvatures. Specifically, we
measure the impact of LU by inspecting the change of curvatures qualitatively
before and after applying LU. Three quantities are used for analysis: the input
curvature Hin = || 32 c i) %5 — |, the output curvature Houe = |[ 35 ni) 75 —
zi||, and Hpa,, = ||Ax;||. Comparing H;, with H,,: reveals the effect of LU on
the smoothness of local surfaces. Furthermore, contrasting H;, and Ha,, shows
more directly how LU transforms the local features. We use the ShapeNet (part
segmentation) and S3DIS (scene segmentation) for the analysis. The results are
shown in Fig. B.3 and Fig. B.4, respectively.

As indicated by the yellow arrows in Fig. B.3 and B.4, LU performs smooth-
ing in some cases just as indicated by its connection to mean curvature flow.
As can be seen from the first row of Fig. B.4, for instance, small variations on
the ceiling and the wall of the room are smoothed. Notice that LU does not
blindly smooth out everything; in fact, we observe that the sharp edges of the
objects remain salient while within-boundary regions are smoothed. Therefore,
LU is able to perform smoothing selectively.

On the other hand, as can be seen from the second rows of Fig. B.3 and
Fig. B.4, LU sharpens features by increasing their curvatures in some situa-
tions, which is in stark contrast to the mean curvature flow that only performs
smoothing. More importantly, LU performs selective sharpening by increas-
ing curvatures for some object edges whereas non-edge regions remain smooth.

Furthermore, the fact that most sharpened edges correspond well to the ground
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<=
" =
| Y L
H; Hout Hag, Ground truth
FicUureE B.3: Visualization of curvatures using the ShapeNet
Part dataset. arrows indicate the region smoothed by LU

whereas red arrows point to the sharpened one.

Hpg, Ground truth

FIGURE B.4: Visualization of curvatures using the S3DIS
dataset. arrows indicate the region smoothed by LU
whereas red arrows point to the enhanced one.
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truth object boundaries reveals that the effect of LU is task-dependent, further
demonstrating its adaptability.

Apart from the cases where LU dominantly performs smoothing or sharpen-
ing, we observe that LU can simultaneously perform smoothing and sharpening
to different parts of a single point cloud. Such situations are described by the
last rows of Fig. B.3 and Fig. B.4. Scrutinizing H;, and H,, reveals that
LU manages to remove small variations for intraregion points while enhancing
points near object boundaries. Such an effect is more frequently observed in

deeper layers where features are highly semantic.
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Appendix C

Using Risai Damage Grade as
Ground Truth

The content of this chapter is mainly based on Xiu et al. (2021b).

In this chapter, we use the label obtained from the field survey (Cab-
inet Office of Japan, 2018) directly as ground truth labels. It includes five
classes: “No”, “Minor”, “Moderate-”, “Moderate+”, and “Major”. In addition,
the “Story-collapsed” class is added by visually interpreting the “Major” build-
ings (Kawabe et al., 2021). The dataset is a subset of the Mashiki dataset.

Machine learning methods as well as deep learning methods are compared.

C.1 Hand-Crafted Feature Calculation

Different types of commonly used features were used for supervised classifi-
cation tasks. Most of the geometrical features were defined by following the
work of Thomas et al. (2018). Besides, we defined a few additional features
as follows: AGL (Above Ground Level) was computed using LAStools; Height
difference features were computed as the difference between the elevation value
of a selected point and the lowest point within its 15m radius neighborhood;
Instead of color features, which are not available, point-wise backscattered am-
plitude information with its mean and variance in the defined neighborhood
was computed; Return count information was obtained directly from LiDAR
data; Horizontal angle feature that represents the angle between the local sur-
face normal with the horizontal plane was calculated for all points within 1m
neighborhood. All the features excluding AGL, Height difference, Amplitude,
Return count information and Horizontal angle was repeatedly computed for
multiple definitions of the neighborhood to capture multi-scale features. The
scales were experimentally defined as 2m, 4m, and 8m, respectively. Therefore,

66 features were used for classification in total.
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C.2 Algorithms

Several machine/deep learning algorithms are employed for classifications.

Random Forests Random Forest (Breiman, 2001) is a classifier that con-
sists of multiple Decision Trees. Decision tree is a type of method that recur-
sively splits the feature space into a set of rectangles and then fits a value (in
the case of regression) or a majority vote (in the case of classification). An
individual tree is a conceptually simple yet powerful model that can approxi-
mate highly non-linear relationships of data by choosing the input features and
split-point (feature value). In the case of classification, Random Forests takes a
majority vote from all individual trees to generate the final vote. Improving the
performance of a machine learning algorithm is essentially a trade-off between
model variance reduction and bias reduction. Novelty of Random Forests is to
improve the variance reduction by reducing the correlation between individual
trees in the tree-growing process. Specifically, this de-correlation is achieved
by a random feature sub-sample when deciding a split point. For a further
theoretical explanation of the algorithm, please refer to Breiman (2001).

Light GBM LightGBM (Ke et al., 2017) is an algorithm developed based
on the idea of boosting. Similar to Random Forests, the committee of classifiers
is involved in boosting. However, instead of getting a majority vote as classifi-
cation results, boosting sequentially applies classifiers to the modified version of
data. Each data point in the dataset fit by a classifier is individually weighted,
and these weights are updated during the training process. The main idea of
boosting is to sequentially apply classifiers to correct the errors made by previ-
ous classifiers and thereby produce an overall good model at last by weighted
majority vote. Based on the fundamental boosting principle, Light GBM addi-
tionally implements Gradient-based One-Side Sampling and Exclusive Feature
Bundling to improve the efficiency and scalability of the model. In this study,
we adopted Light GBM with Gradient Boosting Decision Trees for classification
tasks.

PointNet PointNet (Qi et al., 2017a) is a deep neural network-based al-
gorithm that directly takes raw 3D point cloud as input. PointNet is an inno-
vative deep neural network that firstly consumes raw point cloud and obtains
point-wise features by shared multi-layer perceptrons followed by max-pooling
to aggregate individual features to generate global features. Then the classifi-
cation is done by stacking local and global features together, and hence both
individual point, as well as their neighborhood information, is considered. This

simple and innovative idea achieved state-of-the-art performance at the time of
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publication and it is still a competitive algorithm for various tasks.

DSGCN Different from PointNet, DSGCN (Dynamic-Scale Graph Convo-
lutional Network) proposed by Xiu, Shinohara, and Matsuoka (2019) is a deep
neural network that takes a point cloud in the form of dynamically changing
k-neighbor graph in order to model the complex local neighborhood structures.
The k-neighbor graphs are dilated or shrunk randomly at each sampling itera-
tion to capture scale-invariant features in a computationally efficient manner.
Furthermore, different scales of the k-neighbor graphs are combined to generate
multi-scale features for final predictions. The experimental results showed that

DSGCN is accurate while being robust to data corruption.

C.3 Results and Discussion

In this section, experimental results with five-fold cross-validation are illustrated
and explained. In total, three types of experiments were conducted: “Major
and Story-collapsed” and “Other damage” classification, “Story-collapsed” and
“Other damage” classification, and separated damage classification. Note that
“No” damage buildings were combined with “Minor” damage buildings because

they have a too small number of samples.

C.3.1 “Background”, “Major and Story-collapsed” and “Other

damage” classification

It is of paramount importance to recognize higher-grade building damages to
rescue people in danger as soon as possible. According to Figure C.1, the
“Background” and “Other damage” classes are well separated while “Major and
Story-collapsed” classes scored lower than them. The “Background” class is well
separated from other classes because a majority of them are simple objects such
as ground and trees. The main misclassifications were introduced mainly “Ma-
jor and Story-collapsed” class. “Major” class contains not only the “crashed”
buildings but also the buildings with greater inclination or having damage at
their base but without visible exterior deformation. For the former case, the
characteristics of the building are closer to the “Story-collapsed” class while it
is closer to the “Other damage” class for the latter case. On the other hand,
the major ambiguity between “Background” and “Major and Story-collapsed”
is debris. The classifiers were able to detect debris but increased false alarms

such as low trees near the houses and ground with large slopes. Compared to
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Random Forests and Light GBM, deep learning-based models have lower over-
all performance and increased variance for all classes. This result may due to
the small sample population as deep learning usually needs more samples than
traditional machine learning methods. Another presumable reason is the im-
balanced distribution of training data. Unlike Random Forests and Light GBM,
which received the same number of training samples for each class, the training
samples were drawn randomly in every sampling iteration. Therefore, the sam-
pled training data should approximately follow the original distribution, which
is extremely imbalanced. Under such a condition, DSGCN outperformed Point-
Net in every metric. The increase in performance probably attributes to the
exploitation of local structures by the k-neighbor graph, which can model the

interactions among neighboring points better than PointNet.

. O"background", "major and story-collapsed" and "other damage"
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Ficure C.1: Classification results of “Background”, “Major and
Story-collapsed” and “Other damage”

C.3.2 “Background”, “Story-collapsed” and “Other dam-

age” classification

To justify the arguments made in the former experiments, in this experiment we
combined “major damage” into the “Other damage” class. As a result, Figure C.2
illustrates that the misclassification of “Other damage” decreased and thus the
performance was vastly increased by approximately 0.2 in terms of fscore. This
result is consistent with our initial arguments. However, the ambiguity between
the “crashed” “Major” class and the “Story-collapsed” class still exists so that the
ground and debris are inseparable. The relatively high variance of the “Story-

collapsed” class is possibly due to the reduction of available training samples
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since the “Major” class was moved to the “Other damage” class. This is most
obvious for deep learning-based models, which scored poorly because of reduced

samples.
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Ficure C.2: Classification results of “Background”;, “Story-
collapsed” and “Other damage”

C.3.3 Separated damage classification

To investigate the separability of each damaged building class, we have im-
plemented six class classification experiments. The overall results shown in
Figure C.3 were consistent with our intuition that extreme cases such as “Ma-
jor” and “Story-collapsed” are easier to be identified, while intermediate classes
are difficult to be correctly identified. The misclassification among intermedi-
ate classes was proportional to the sample numbers, which indicated that the
classes are almost inseparable given used hand-crafted features. Despite deep
learning-based methods did not rely on hand-crafted features, they suffered
from insufficient sample populations, and hence their performances were not
stable. Furthermore, it is most obvious in this classification result that multiple

damage grade predictions exist in one building, which is impossible in reality.
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Appendix D

Publications Related to This

Research

Publications related to Chapter 2 are as follows:

e Preliminary analysis of the dataset (Xiu et al., 2021b). International

conference.

e Dataset development and benchmarking (Xiu et al., 2020). Peer-reviewed

journal.

e Statistical analysis of the dataset (Xiu et al., 2022b). Peer-reviewed jour-

nal,
Publications related to Chapter 3 and Chapter 4 are as follows:
e Development of LU and LE-Net (Xiu et al., 2023). Peer-reviewed journal.

e A technical report of LU (Xiu et al., 2022a). Preprint.
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Appendix E

Detailed explanations of the

discrete Laplacian

In this chapter, we explain in detail the discrete Laplacian which is the main
tool we exploit to build LE-Net.

E.1 Finite difference approximation of 1D Lapla-
cian

In this section, we explain the finite difference approximation of the Lapla-
cian. For simplicity, we assume the function is 1D throughout this section.
The Laplacian is defined as the divergence of the gradient of the function f.
Mathematically, the Laplacian can be expressed as:
af=v.vi=LL (B.1)
0x?

For implementation, we need to discretize the above equation to compute it
using computers. Although there are multiple ways to discretize the Laplacian,
we use the finite difference method to discretize the Laplacian for its simplicity.
Specifically, we first approximate the first-order derivative of f using the central
difference:

iy = H@ ) = fe—h)
2h
where h is a step size. Using the above formula, we can obtain the expression
for f'(z+12) and f'(z — %)

(E.2)
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By combining the Equation (E.2), (E.3), and (E.4), we obtain the finite differ-
ence approximation of the second-order derivative:
fla+h)+ flx—h) —2f(z)

fw) = Af = - , (E5)

which equals the Laplacian. The key observation is that the Laplacian first
adds the neighbor values and then subtracts the center values by a number
equal to the number of neighbors. In other words, the Laplacian aggregates the
difference between neighbors and the center, thus revealing how different the

center point from neighbors is.

E.2 Image Laplacian to the point Laplacian

In the case of a 2D image I (z, y) with one channel (e.g., intensity), the Laplacian

is defined as:
AT — 01 n 0?1
022 Oy

Similar to the 1D case, the above equation is discretized as below:

(E.6)

where h is assumed to be 1, a step in a 2D grid.
Alternatively, we can define a vector field X : R? — R3, which has the

explicit form:
X(z,y) = (z,y,I(z,y)). (E.8)

In doing so, we model the image as a parametric surface parameterized by
coordinates = and y. For this vector field, we can compute its (discretized)
Laplacian as:

AX(z,y) = (Az, Ay, AI) = (0,0, Al). (E.9)

As we can see, the first and second components of Equation (E.9) are always
zero for images because the neighbors are symmetrically placed with the same
distance from the center. Next, consider a case where those pixels are replaced
with points. In this case, the Laplacian still is the same as Equation (E.9)
because points are still equally and symmetrically spaced. However, the situa-
tion changes if neighbor points are not equally spaced. Such a case is shown in
Figure E.1. As can be seen, the first and second components of the Laplacian
are no longer zero because points are irregularly distributed. The use of such

information intuitively makes sense because non-zero components contain some
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FIGURE E.1: Comparison of discrete image and point Lapla-
cians. From left to right: image (2D grid) Laplacian, equidistant
point Laplacian, and Laplacian for 3D point clouds.

useful information about the local geometry. More generally, unlike images,
those weights on the points can be non-zero since they are not equidistant.

We can straightforwardly extend this formulation to 3D point clouds with
some attributes (e.g., intensity). Let P(z,y) = z be the point cloud that outputs
the height. We can similarly define a vector field:

X(z,y) = (z,y, P (z,y) = 2), (E.10)
where z represents the height. Its Laplacian can also be computed as:
AX(z,y) = (Az, Ay, AP). (E.11)

Now let x; = X(z;,y;, 2;) be the feature of point ¢ and j denote the neigh-
bors within a certain neighborhood N (i) of point i. The generalized discrete

Laplacian used in this study is defined as:
AXi = Z Wsj - (Xj — Xi) s (E12)
JEN(9)

where w;; is the weight assigned to a particular center-neighbor pair and satisfies

. 1 .
Zje Ny Wi = 1. Although there are many choices for w;;, we adopt N40) for its
simplicity in this study.
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