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Abstract
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Quoc D. Cao
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Prof. Youngjun Choe

Although natural hazards may sometimes be predictable, their occurrence is not pre-

ventable, especially in low-frequency-yet-high-impact events such as earthquakes and hurri-

canes. The catastrophic effects of natural hazards can vary vastly from year to year, depend-

ing on the seasons, locations, demographics, or resilience of the affected areas. Therefore,

improving response system and recovery time is one of the most efficient ways to limit fatality

and economic loss from a hazard event. Unfortunately, without being able to gain adequate

situation awareness about the damage extent and the potential recovery, we cannot effectively

improve these processes.

This dissertation provides a suite of methodological frameworks utilizing statistical tools

to aid in the damage assessment and estimation of various infrastructures’ recovery to pro-

vide emergency managers and stakeholders with timely and extensive situation awareness

after a hazard event. The initial step is to assess the actual damage extent immediately after

a hazard event so that adequate planning and resources can be allocated. The first method-

ological framework aims to speed up the post-event damage assessment process. Instead of

the more time-consuming and labor-intensive windshield survey method, machine learning

algorithms are applied to automatically annotate the damaged and/or flooded buildings on

satellite imagery. The annotation results can be used as a proxy for assessing how badly an

area is affected. The machine learning algorithms require much less time and resources while

still yielding results with reasonable accuracy. Secondly, to improve generalizability and



accuracy of the previous damage assessment framework, a mixed data approach is adopted

to combine satellite imagery and other geolocation features such as each building’s eleva-

tion and proximity to water bodies. Finally, a recovery trajectory estimation framework

is introduced to aid in recovery planning for critical infrastructures. The estimation will

provide infrastructure management agencies with an idea of the most likely recovery pattern

of various critical infrastructures (such as electricity, water, and gas), given different hazard

scenarios. This will give them a quantitative assessment of how resilient their infrastructure

systems are so that resources can be allocated and necessary investment can be informed

effectively. Besides extensive results from numerical studies and empirical data, this dis-

sertation research also contributes two curated datasets to open-access repositories so that

others can reproduce and improve the proposed framework.
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Chapter 1

INTRODUCTION

Normal operation of infrastructures during and after natural hazard-induced disasters is

crucial to the well-being of the public [113]. However, recovery of damaged infrastructures

from disasters can cost a lot of time and resources [98]. These problems are especially

challenging in low-probability-yet-high-impact events, such as the 2011 Tōhoku earthquake

in Japan [93] or the 2017 Hurricane Harvey in the United States [13]. One way to speed up the

recovery process is to improve situation awareness of emergency managers and stakeholders

so that proper resources and manpower can be allocated to help the victims and restore the

infrastructures.

Situation awareness is essential during a community’s distressed time. In simple terms,

it means for the stakeholders to know “what is going on” relative to their goals, or formally,

“the perception of the elements in the environment within a volume of time and space, the

comprehension of their meaning and the projection of their status in the near future” [52].

The term was used to study how fighter pilots are aware of their surroundings in highly

stressful and uncertain situations, in which they have to make informed decisions within a

short period of time. As shown in its definition, situation awareness can be thought of as

having three levels. The first level is perception, in which stakeholders or decision makers try

to perceive the current information. The second level is comprehension, where stakeholders

process the information to determine what is relevant to their goals. The last level is called

projection, which lets the stakeholders achieve the highest level of understanding of the

situation to make timely decisions [54].

Situation awareness is therefore important in various phases of the disaster management

cycle. Social media platforms, e.g. Twitter, have been common tools studied by disaster
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research community to enhance situation awareness to emergency managers, [24, 96, 119].

In recent works, researchers have been trying to provide more context from social media to

enrich the perception level of situation awareness. For example, in [120], a GeoView interface

was developed to assist emergency responses by providing real-time location-based mapping

of social media messages.

This dissertation aims to leverage a different source of information from most of the recent

works. Insights will be gathered from publicly available satellite imagery to provide quick

and accurate damage assessment frameworks to improve the perception level of situation

awareness. In addition, expert judgements will be elicited to estimate an infrastructure

recovery trajectory to inform the projection of recovery.

1.1 Research Objectives

The overarching research goal of this dissertation is to provide emergency managers with

different modelling frameworks to develop better and timely situation awareness after a

hazard event.

Our current ability to estimate infrastructure recovery trajectories is limited, as revealed

in the recent resilience planning efforts of U.S. communities, which started in San Francisco,

CA [111] and became state-wide initiatives in Washington State [40] and Oregon [39]. These

efforts inspired the National Institute of Standards and Technology (NIST)’s Community

Resilience Planning Guide [2] as a model for other jurisdictions. Although there is a growing

body of literature on computational modeling of recovery, these models are often viewed as

resource-intensive black-box approaches and not utilized by communities on the ground.

The NIST Guide defines time to recovery of function as “a measure of how long it takes

before a building or infrastructure system is functioning” and “uses time to recovery of

function as the primary metric for community resilience.” This echoes the widely-recognized

importance of characterizing disaster recovery for assessing community resilience [23, 29, 34,

92]. As the quote by Lord Kelvin says “if you cannot measure it, you cannot improve it,”

the lack of rigorous and sound estimation methods for recovery time impedes the measurable
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progress of resilience improvement. These motivations lead to three research directions as

follows.

1.1.1 Machine annotation of post-hurricane satellite imagery for identifying damages

When a hurricane makes landfall, situational awareness is one of the most critical needs

that emergency managers face before they can respond to the event. To assess the situation

and damage, the current practice largely relies on emergency response crews and volunteers

to drive around the affected area, which is also known as windshield survey. Another way

to assess hurricane damage level is flood detection through synthetic aperture radar (SAR)

images (e.g., see the work at the Darthmouth Flood Observatory [3]), or the damage proxy

map to identify regional-level damages on the built environment (e.g., the Advanced Rapid

Imaging and Analysis (ARIA) Project by Caltech and NASA [1]). SAR imagery is useful in

terms of mapping different surface features, texture, or roughness pattern but is harder for

laymen to interpret than optical sensor imagery. The resolutions of virtually all SAR images

of today are too coarse to permit the building-level (as opposed to regional-level) damage

assessment. Also, satellites equipped with SAR sensors are far fewer than those with optical

sensors, making timely and frequent data collection challenging. In this work, we focus on

using optical sensor imagery as a more intuitive and accessible way to analyze hurricane

damage by distinguishing damaged buildings from the ones still intact. From here onwards,

we will refer to optical sensor imagery as ‘imagery’.

Recently, imagery taken from drones and satellites started to help improve situational

awareness from a bird’s eye view, but the process still relies on human visual inspection

of captured imagery, which is generally time-consuming and unreliable during an evolv-

ing disaster. Computer vision techniques, therefore, can be particularly useful. Given the

available imagery such as in Figure 1.1, our proposed method can automatically annotate

‘Flooded/Damaged Building’ vs. ‘Undamaged Building’ on satellite imagery of an area af-

fected by a hurricane (Figure 1.2). The annotation results can enable stakeholders (e.g.,

emergency managers) to better plan for and allocate necessary resources. With decent accu-
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racy and quick runtime, this automated annotation process has potential to significantly

reduce the time for building situational awareness and responding to hurricane-induced

emergencies. We construct this dataset using the imagery before the hazard event to be

the ‘Undamaged Building’ labels and after the event to be the ‘Flooded/Damaged Build-

ing’ labels. The dataset and code used in this work are available at my Github repository

https://github.com/qcao10/DamageDetection. The dataset is also publicly available at

the IEEE DataPort (DOI: 10.21227/sdad-1e56).

Figure 1.1: A satellite imagery of the Greater Houston area in 2017.

1.1.2 Post-hurricane damage assessment using satellite imagery and geolocation features

Within the field of damage assessment, deep learning techniques have been showing promising

results. A subset of deep learning models called convolutional neural network (CNN) have

been applied to detect damage in concrete structures [27, 28, 67], car damage [104, 127], or

regional change detection after disaster events [49]. However, these methods rely heavily on

the quantity and quality of the labelled dataset, which in some cases might be unavailable or

https://github.com/qcao10/DamageDetection
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Figure 1.2: Flooded/Damaged samples cropped from the original imagery.

noisy. Sometimes, performance can be capped in some large image dataset such as Imagenet

[71] and improvement in performance is marginal, regardless of model architecture.

Before the CNN era, there were established methods to assess flooding hazard risks, such

as analyzing precipitation, catchment capacity, or river network analyses [14], generating

flood outlines and depth based on topological data [63], or simulating flood spreading [62].

In the seismic risk analysis field, there are also probabilistic risk assessment [51] or defining

vulnerability indices for infrastructure systems [105]. These methods are still extremely

valuable even in these days as a natural hazard is a natural phenomenon that mostly obeys

physical rules.

The above observation inspires us to hypothesize that there could be a potential im-

provement to the post-hurricane damage assessment process if we can utilize multiple types

of data. We propose to utilize the optical sensor satellite imagery and other geolocation fea-

tures of the individual buildings in our damage annotation framework. This work will open

up another possibility to understanding post-disaster damage. For example, for hurricanes,

we can combine precipitation level, flooding resilience index, catchment capacity, elevation,

or river networks with the imagery data to gain extra performance and also understand which

characteristics are more critical to the likelihood of damage. On the other hand, in seismic

risk assessment, we can also incorporate the relative distance of the buildings/roads to the

epicenter, Ritchter magnitude, ground shaking in the zone through various sensors, or seis-

mic resilience index into the model, in addition to the aerial images. In this work, we present
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a mixed data approach to damage annotation by consuming the satellite imagery and other

geolocation features such as building elevation and proximity to water bodies (Figure 1.3) to

improve the performance and generalizability of our previous work. Our contribution is two

fold. First, by considering mixed data, we can leverage more domain knowledge to under-

stand disaster damage assessment better and boost its predictive performance. Second, as

an improvement to our previous dataset in [26], we collect the ‘Undamaged Building’ labels

and ‘Flooded/Damaged’ labels from imagery of the same timestamp. Specifically, we manu-

ally build the ‘Undamaged Building’ labels from the undamaged region of the same imagery

captured after the hurricane event. This dataset is more realistic and generalizable since it

reflects the actual situation when we want to deploy this damage annotation framework in

future events.

Figure 1.3: Workflow of the mixed data neural network model.

1.1.3 Recovery time estimation in disaster planning

This work proposes a rigorous statistical framework to estimate infrastructure recovery curves

(e.g., see Figure 1.4) for a hazard scenario using a combination of expert elicitation and

Gaussian process regression (GPR). The two methods complement each other to provide

satisfactory solutions to this problem. Estimates gathered from experts will provide initial

guidelines on how long it will take for a particular infrastructure to recover to some inter-

mediate functionality levels. GPR will then use these estimates to predict the full recovery
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curve while capturing potential uncertainty in its prediction, as well as the uncertainty in the

experts’ estimates. GPR is also flexible enough to enforce important constraints on its pre-

dictions to allow the predicted curve to follow the physical behaviour of the actual recovery

curve (e.g., monotonically increasing and bounded between 0 and 100%). This framework

can provide disaster stakeholders with a likely projection of recovery pattern so that ade-

quate resource and investment planning can be made. The framework aims to be extensible

to various types of infrastructure, while being intuitive and easy to be interpreted by the

stakeholders.
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Figure 1.4: Empirical restoration curves of the 1995 Great Hanshin-Awaji Earthquake and the

2011 Great East Japan Earthquake.

1.2 Dissertation Outline

The remainder of this dissertation is organized as follows. Chapter 2 presents an article

on using deep learning and satellite imagery to identify damaged buildings after hurricane

events [26], which is published in Natural Hazards. Chapter 3 about hurricane damage
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assessment with satellite imagery and geolocation features, together with Chapter 4 about

recovery time estimation using expert elicitation and Gaussian Process Regression are based

on two working manuscripts. The dissertation will conclude with some remarks and future

research directions in Chapter 5.
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Chapter 2

BUILDING DAMAGE ANNOTATION ON POST-HURRICANE
SATELLITE IMAGERY BASED ON CONVOLUTIONAL

NEURAL NETWORK

2.1 Introduction

After a hurricane, damage assessment is critical to emergency managers for efficient re-

sponse and resource allocation. One way to gauge the damage extent is to quantify the

number of flooded/damaged buildings, which is traditionally done by ground survey. This

process can be labor-intensive and time-consuming. In this work, we propose to improve

the efficiency of building damage assessment by applying image classification algorithms to

post-hurricane satellite imagery. At the known building coordinates (available from public

data), we extract square-sized images from the satellite imagery to create training, valida-

tion, and test datasets. Each square-sized image contains a building to be classified as either

‘Flooded/Damaged’ (labeled by volunteers in a crowd-sourcing project) or ‘Undamaged’. We

design and train a convolutional neural network from scratch and compare it with an existing

neural network used widely for common object classification.

We demonstrate the promise of our damage annotation model in the case study of building

damage assessment in the Greater Houston area affected by 2017 Hurricane Harvey. The

satellite imagery data covers the Greater Houston area before and after Hurricane Harvey in

2017 (Figure 2.1). The flooded/damaged buildings were labeled by volunteers through the

crowd-sourcing project, Tomnod [7]. We then process, filter, and clean the dataset to ensure

that it has correct labels and can be learned appropriately by a learning algorithm.

By sharing the dataset and code used in this work (see the appendix), we hope that

other researchers can build upon this study and help further improve computer vision-based
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Figure 2.1: The Greater Houston area was affected by Hurricane Harvey in 2017. The green circles

represent the coordinates of flooded/damaged structures tagged by Tomnod volunteers.

damage assessment process. The shared code includes a pre-trained deep-learning architec-

ture that achieves the best classification accuracy (detailed in Section 2.4). It can facilitate

transfer learning either in feature extraction, fine-tuning, or as a baseline model to speed up

the learning process for future hurricane events.

The remaining of this chapter is organized as follows. In Section 2.2, we present a brief

review of convolutional neural network, machine learning-based damage annotation work on

post-hurricane satellite imagery, and challenges in the damage annotation on satellite im-

agery. Section 2.3 describes our proposed methodological framework for the damage annota-

tion. Details of the implementation and discussion of the results are presented in Section 2.4.

Finally, Section 2.5 concludes this work and draws some future research directions.
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2.2 Background

2.2.1 Convolutional neural network

The convolutional neural network (CNN) [75] often yields outstanding results over other

algorithms for computer vision tasks such as object categorization [66], image classification

[35, 71], and object recognition [36]. Variations of CNN have been successfully applied to

remote sensing image processing tasks [128] such as aerial scene classification [79, 87, 123],

SAR imagery classification [129], or object detection in unmanned aerial vehicle imagery [19].

Structurally, CNN is a feed-forward network that is particularly powerful in extracting

hierarchical features from images. The common structure of CNN has three components:

the convolutional layer, the sub-sampling layer, and the fully connected layer as illustrated

in Figure 2.2.

Figure 2.2: A convolutional neural network inspired by LeNet-5 architecture in [75]; C:

Convolutional layer, S: Sub-sampling layer, F: Fully connected layer; 32@(148x148) means

there are 32 filters to extract features from the input image, and the original input size of

150x150 is reduced to 148x148 since no padding is added around the edges during 3 × 3

convolution operations so 2 edge rows and 2 edge columns are lost; 2x2 Max-pooling means

the data will be reduced by a factor of 4 after each operation; Output layer has 1 neuron

since the network outputs the probability of one class (‘Flooded/Damaged Building’) for

binary classification.
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In the convolutional layer (C in Figure 2.2), each element (or neuron) of the network in

a layer receives information from a small region of the previous layer. A 3x3 convolutional

filter will take a dot product of 9 weight parameters with 9 pixels (3x3 patch) of the input,

and the resulting value is transformed by an activation function to become a neuron value

in the next layer. The same region can yield many information maps to the next layer

through many convolutional filters. In Figure 2.2, at convolutional layer C1, we have 32

filters that represent 32 ways to extract features from the previous layers and form a stack

of 32 feature matrices. Another advantage of CNN is its robustness to shift of features in

the input images [57]. This is crucial since in many datasets, objects of interest are not

necessarily positioned right at the center of the images and we want to learn the features,

not their positions.

In the sub-sampling layer (S in Figure 2.2), the network performs either local averaging

or max pooling over a patch of the input. If the sub-sampling layer size is 2x2 such as S2,

local averaging will yield the mean of the 4 nearby convoluted pixel values, whereas max

pooling will yield the maximum value among them. Essentially, this sub-sampling operation

reduces the input feature matrix to half its number of columns and rows, which helps to

reduce the resolution by a factor of 4 and the network’s sensitivity to distortion.

After the features are extracted and the resolution reduced, the network will flatten

the final stack of feature matrices into a feature vector and pass it through a sequence

of fully connected layers (F in Figure 2.2). Each subsequent layer’s output neuron is a

dot product between the feature vector and a weight vector, transformed by a non-linear

activation function. In this work, the last layer has only 1 neuron, which is the probability

of a reference class (‘Flooded/Damaged building’).

As mentioned, the dot products are transformed by an activation function. This gives

a neural network, with adequate size, the ability to model any function. Some common

activation functions include sigmoid f(x) = 1
1+e−x , rectified linear unit (ReLU) f(x) =

max(0, x), and leaky ReLu f(x) = max(αx, x), with 0 < α � 1. There is no clear reason to

choose any specific function over the others to improve performance of a network. However,
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using ReLU may speed up the training of the network without affecting the performance [59].

2.2.2 Machine learning-based damage annotation on post-hurricane satellite imagery

Machine learning on remote sensing imagery is actively researched to assess damage from or

susceptibility to various hazards such as earthquake [106], landslide [11,64], tsunami [88], and

wildfire [83]. Such methods showed remarkable promise. However, often leveraging unique

characteristics of each hazard type, they are not directly applicable to damage annotation

on post-hurricane imagery and sometimes require extensive pre-processing. For example,

the work in [106] for post-earthquake damage assessment closely resembles our work. Both

pre-event and post-event are used to extract building’s roof and texture features. This

process requires input from expert operators and rely on texture feature of the buildings in

the imagery, which sometimes may not be available depending on means of collection. In

another work, [88] classifies regions of pixels into water, vegetation, urban, and bare land,

which does not provide the building level granularity as we pursue. Furthermore, since we

rely purely on the widely available optical sensor imagery, convolutional neural network is

one of the most suitable model classes due to its flexible feature extraction capability and

architecture.

Some recent studies used machine learning to assess post-hurricane damages on satellite

imagery. A small project studied detecting flooded roads by comparing pre-event and post-

event satellite imagery [68] but the method is not applicable to other types of damages. Two

commercial vendors of satellite imagery also separately developed unsupervised algorithms to

detect flooded area using spectral signature of impure water (which is not available from the

pansharpened satellite images in our data) [9,10]. Before deep learning era, a method using

a pattern recognition template set was applied to detect hurricane damages in multispectral

images [17] but the method is not applicable to our pansharpened images.
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2.2.3 Challenges in damage annotation on satellite imagery

There are multiple challenges in damage annotation on satellite imagery. First, satellite

imagery resolution is not as high as various benchmark datasets commonly used to train

neural network (NN) (e.g., ImageNet [71] and traffic signs [36]) with respect to the objects

of interest. Dodge & Karam [48] studied the performance of NNs under quality distortions

and highlighted that NNs could be prone to errors in blurry and noisy images. Although

our dataset is of relatively high resolution (e.g., one of the satellites capturing the imagery

is GeoEye-1, which has 46cm panchromatic resolution [4]), it is still far from the resolution

of common-object detection datasets (e.g., animals, vehicles). In fact, the labeling task

on satellite imagery is hard even with human visual inspection, which leads to another

challenge. The volunteers’ annotation could be erroneous. To limit this, the crowd-sourcing

platform has a proprietary system that computes the agreement score of each label. In this

work, we ignore this information to gather as many labels as possible and take the given

labels as ground truth since limited size of training data could be a critical bottle-neck for

models with many parameters to learn such as NNs. Third, there are some inconsistencies in

image quality. Since the same region can be captured multiple times on different days, the

same coordinate may have multiple images of different qualities (e.g., due to pre-processing),

as shown in Figure 2.3. In summary, effective learning algorithms should overcome the

challenges from low-resolution images, noisy labels, and inconsistent image qualities.

2.3 Methodology

In this section, we describe our end-to-end methodological framework from collecting, pro-

cessing, featurizing data to building the convolutional neural network to classify whether a

building in a satellite image is flooded/damaged or not.
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(a) Lower-quality orthorectification (b) Higher-quality orthorectification

(c) More blurry (d) Less blurry

Figure 2.3: Different orthorectification and pre-processing quality of the same location on different

days.

2.3.1 Data description

The satellite imagery of the Greater Houston area was captured by optical sensors with sub-

meter resolution, preprocessed (e.g., orthorectification and atmospheric compensation), and

pansharpened by the image provider. The raw imagery consists of around four thousand
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image strips taken on multiple days (each strip is roughly 1GB and has around 400 million

pixels with RGB bands). Some strips overlap and have black pixels in the overlapped region.

Some images are also covered fully or partially by clouds. Figure 2.4 shows a typical strip in

the dataset and Figure 2.5 shows some examples of low quality images (from the perspective

of model training) that we chose to discard.

Figure 2.4: A typical strip of image in the dataset.

2.3.2 Damage annotation

We present here our methodological framework (Figure 2.6) that starts from raw data input

to create damage annotation output. The first step is to process the raw data to create

training-ready data by using a cropping window approach. Essentially, the building coor-

dinates, which can be easily obtained from public data (e.g., OpenStreetMap [6]), can be

used as the centers of cropping. We use the building coordinates already associated with the

damage labels from Tomnod. A window is then cropped from the raw satellite imagery to

create a data sample. Tomnod volunteers’ annotation of flooded/damaged buildings is taken
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(a) Blacked out partially (b) Covered by cloud partially

(c) Covered by cloud mostly (d) Covered by cloud totally

Figure 2.5: Examples of discarded images during the data cleaning process due to their potential

to hinder model training.

as the ground truth for the positive label, ‘Flooded/Damaged building’. At the same coor-

dinates, we crop windows from the imagery captured before the hurricane to create negative

data samples, labeled ‘Undamaged building’.

The optimal window size depends on various factors including the image resolution and



18

building footprint sizes. Too small windows may limit the background information contained

in each sample, whereas too large ones may introduce unnecessary noise. We keep the window

size as a tuning hyper-parameter in the model. A few sizes are considered such as 400x400,

128x128, 64x64, and 32x32.

The cropped images are then manually filtered to ensure the high quality of the dataset.

To let the model generalize well, we only discard the images that can obviously hamper the

algorithm’s learning process, such as the example images in Figure 2.5. The cleaned images

are then split into training, validation, and test sets and fed to a convolutional neural network

for damage annotation as illustrated in Figure 2.6. Validation accuracy is monitored to tune

the necessary hyper-parameters (including the window size).

2.3.3 Data processing

As described above, the data generation starts from a building coordinate. Since there

are multiple raw images containing the same coordinates, there are duplicate images with

different quality. This can potentially inflate the prediction accuracy as the same coordinate

may appear in both the training and test sets. We maintain a set of the available coordinates

and make sure each coordinate is associated with a unique, “good-quality” image in the final

dataset through a semi-automated process. We first automatically discard the totally blacked

out images for each coordinate, and keep the first image we encounter that is not totally

black. The resulting set of images are manually filtered to eliminate the images that are

partially black or covered by clouds.

2.3.4 Data featurization

Since we control the window size based on physical distance, there could be round-off errors

when converting the distance to the number of pixels. Therefore, we project them into

the same feature dimension. For instance, both a 128x128 image and a 127x129 image are

projected into 150x150 dimension. The images are then fed through a CNN to further extract

useful features, such as edges, as illustrated in Figure 2.7.
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Figure 2.6: The damage annotation framework.
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(a) Original image (Flooded/Damaged) (b) After 1st layer

(c) After 2nd layer (d) After 3rd layer

Figure 2.7: Information flow within one filter after each convolutional layer. The initial layers

act as a collection of edge extraction. At a deeper layer, the information is more abstract and less

visually intepretable.

How to construct the most suitable CNN architecture is an ongoing research problem.

The common practice, known as transfer learning, is starting with a known architecture and

fine-tuning it. We experiment with a well-known architecture, VGG-16 [114], and modify
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the first layer to suit our input dimension. VGG-16 is known to perform very well on the

ImageNet dataset for common object classification.

However, because of the substantial differences between the common object classification

and our flooded/damaged building classification, we also build our own network from scratch.

We carefully consider proper hyper-parameters, as similarly done in [76]. Our basis for

determining the size and depth of a customized network is to monitor the information flow

through the network and stop enlarging the network when there are too many dead filters

(i.e., blank filters that do not carry any further information to the subsequent layers in

the network). Due to the nature of the rectified linear unit (ReLU), which is defined as

max(0, x), there will be many zero weights in the hidden layers. Although sparsity in the

layers can promote the model to generalize better, it may cause the problem on gradient

computation at 0, which in turns does not update any parameters, and hurt the overall

model performance [59,124]. We see that in Figure 2.8 after four convolutional layers, about

30% of the filters are dead and will not be activated further. This is a significant stopping

criterion since we can avoid a deep network such as VGG-16 to save the computational time

and safeguard satisfactory information flow in the network at the same time.

We present our customized network architecture that achieves the best result in Table

2.1. The network begins with four convolutional and max pooling layers and ends with two

fully connected layers.

In our CNN structure, with four convolutional layers and two fully connected layers,

there are already about 3.5 million parameters to train, given 67, 500 pixels as an input

vector for each image. The VGG-16 structure [114], with thirteen convolutional layers,

has almost 15 million trainable parameters, which can over-fit, require more resources, and

reduce generalization performance on the testing data. In addition, as discussed in [76], the

network depth should depend on the complexity of the features to be extracted from the

image. Since we have only two classes of interest, a shallower network can be favourable in

terms of training time and generalization.



22

Table 2.1: Convolutional neural network architecture that achieves the best result.

Layer type Output shape
Number of

trainable parameters

Input 3@(150x150) 0

2-D Convolutional 32@(3x3) 32@(148x148) 896

2-D Max pooling (2x2) 32@(74x74) 0

2-D Convolutional 64@(3x3) 64@(72x72) 18,496

2-D Max pooling (2x2) 64@(36x36) 0

2-D Convolutional 128@(3x3) 128@(34x34) 73,856

2-D Max pooling (2x2) 128@(17x17) 0

2-D Convolutional 128@(3x3) 128@(15x15) 147,584

2-D Max pooling (2x2) 128@(7x7) 0

Flattening 1x6272 0

Dropout 1x6272 0

Fully connected layer 1x512 3,211,776

Fully connected layer 1x1 513

Note: The total number of trainable parameters is 3,453,121. C@(A × B) is interpreted as

that there are a total of C matrices of shape (A×B) stacked on top of one another to form

a three-dimensional tensor. 2-D Max pooling layer with (2 × 2) pooling size means that the

input tensor’s size will be reduced by a factor of 4.

2.3.5 Image classification

Due to the limited availability of pre-event images and the exclusion of some images (e.g.,

due to cloud coverage) in the Flooded/Damaged and Undamaged categories, our dataset is
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(a) After 1st layer (b) After 2nd layer

(c) After 3rd layer (d) After 4th layer

Figure 2.8: Information flow in all filters after each convolutional layer. The sparsity increases

with the depth of the layer, as indicated by the increasing number of dead filters.

unbalanced with the majority class being Flooded/Damaged. Thus, we split the dataset into

training, validation, and test datasets as follows. We keep the training and validation sets

balanced and leave the remaining data to construct two test sets, a balanced set and an

unbalanced (with a ratio of 1:8) set.

The first performance metric is the classification accuracy. In contrast to the balanced

test set, we note that the baseline accuracy for the unbalanced test set is 8/9 = 88.89%

(greater than the random guess accuracy, 50%), which can be achieved by annotating all

buildings as the majority class Flooded/Damaged. In addition, as the classification accuracy

is sometimes not the most pertinent performance measure, we also monitor the area under

the receiver operating characteristic curve (AUC), which is a widely-used criterion to measure

the classification ability of a binary classifier under a varying decision threshold [44].
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2.4 Implementation and Result

We train the neural network using the Keras library with TensorFlow backend with a single

NVIDIA K80 Tesla GPU. The network weights are initialized using Xavier initializer [58].

The mini batch size for the stochastic gradient descent optimizer is 32.

After the data cleaning process, our dataset contains 14,284 positive samples (Flooded/Damaged)

and 7,209 negative samples (Undamaged) at unique geographical coordinates. 5,000 samples

of each class are in the training set. 1,000 samples of each class are in the validation set.

The rest of the data are reserved to form the test sets, i.e. in the balanced test set, there will

be 1,000 samples of each class, and in the unbalanced test set, there will be 8,000 samples

of Flooded/Damaged class and 1,000 samples of Undamaged class.

Due the expensive computational cost of training the CNN, we investigate selected com-

binations of the hyper-parameters in a greedy manner, instead of tuning all the hyper-

parameters through a full grid search or full cross-validation. For example, we investigate

the performance of a model with multiple window sizes (400x400, 128x128, 64x64, and 32x32)

and select the 128x128 window size.

We also implement a logistic regression (LR) on the featurized data to see how it compares

to fully connected layers. Although LR under-performs in most cases, it still achieves good

accuracy (little over 90% in Table 2.2). This illustrates that the image featurization through

the network works well enough that a simple algorithm like LR can perform well on this

data.

For activation functions in the CNN, a rectified linear unit (ReLU) is a common choice,

thanks to its simplicity in gradient computation and prevention of vanishing gradient, which

is common with other activation functions such as sigmoid or hyperbolic tangent. But, as

seen in Figure 2.8, clamping the activation at 0 could potentially cause a lot of filters to be

dead. Therefore, we also consider using a leaky ReLU activation with α = 0.1 based on the

survey in [124]. However, leaky ReLU turns out to not significantly improve the accuracy in

our implementation (Table 2.2).
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To counter over-fitting, which is a recurrent problem of deep learning, we also adopt

data augmentation in the training set through random rotation, horizontal flip, vertical

and horizontal shift, shear, and zoom. This can effectively increase the number of training

samples to ensure better generalization and achieve better validation and test accuracy (Note

that we do not perform data augmentation in the validation and test sets). Furthermore, we

also employ 50% dropout and L2 regularization with λ = 10−6 in the fully connected layer.

Dropout [116] is an effective method to prevent over-fitting, especially in neural network with

many neurons. The method prevents neurons from remembering too much training data by

dropping out randomly chosen neurons and their connections during the training time. L2

regularization is one of the regularization techniques that has been shown to perform better

on ill-poised problems or noisy data. Early application of the regularization in computer

vision can be traced back to edge detection in images where the changes in intensity in an

image are considered noisy [21]. These measures are shown to fight over-fitting effectively

and significantly improve the validation accuracy in Figure 2.9.

(a) Without drop-out and image augmentation,

over-fitting seems to happen after about 10 epochs as

the validation accuracy separates from the training

accuracy.

(b) No apparent sign of over-fitting can be seen as

the validation accuracy follows the training accuracy.

Figure 2.9: Over-fitting is prevented using data augmentation, drop-out, and regularization.



26

As mentioned in Section 2.3.4, we consider using a pre-built architecture VGG-16 (trans-

fer learning) and building a network from scratch. In Figure 2.10, we see that the deeper

and larger network can achieve a high-level validation accuracy earlier, but the accuracy

pretty much plateaus (i.e., over-fitting happens) after a few epochs. Our simpler network

can facilitate learning gradually, where the validation accuracy keeps increasing to achieve a

higher value than the deeper network, and takes about 75% less training time.

(a) Transfer learning using pre-built network (b) Custom network

Figure 2.10: Comparison between using a pre-built network and our network. The two networks

almost have the same level of performance except our network achieves a slightly better accuracy

with a much smaller network size. It is also noticeable that due to large number of pre-trained

parameters, the bigger network achieves high accuracy right at the beginning but fails to improve

subsequently.

We use two adaptive, momentum-based optimizers, RMSprop and Adam [70], with the

initial learning rate of 10−4. Adam generally leads to about 1% higher validation accuracy

and less noisy learning in our implementation.

Table 2.2 summarizes the performances of various models. The best performing model is

our customized network with data augmentation and dropout using Adam optimizer, which

can achieve 97.08% accuracy on the unbalanced test set. The AUC metric is also computed
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and shows a satisfying result of 99.8% on the unbalanced test set.

Table 2.2: Model performance.

Model
Validation

Accuracy

Test Accuracy

(Balanced)

Test Accuracy

(Unbalanced)
F1 Score

CNN 95.8% 94.69% 95.47% 0.9575

Leaky CNN 96.1% 94.79% 95.27% 0.9558

CNN + DA + DO 97.44% 96.44% 96.56% 0.9674

CNN + DA + DO (Adam) 98.06% 97.29% 97.08% 0.9723

Transfer + DO 93.45% 92.8% 92.8% 0.9304

Transfer + DA + DO 91.1% 88.49% 85.99% 0.8800

LR + L2 93.55% 92.2% 91.45% 0.7713

SVM + L2 92.02% 91.85% 90.95% 0.7002

Transfer + DA + FDO 96.5% 95.34% 95.73% 0.9594

Leaky + Transfer +

DA + FDO +L2
96.13% 95.59% 95.68% 0.9598

Leaky + Transfer +

DA + FDO + L2(Adam)
97.5% 96.19% 96.21% 0.9643

Legend: CNN: Convolutional Neural Network; Leaky: Leaky ReLU activation function, else,

the default is ReLU; DA: Data Augmentation; LR: Logistic Regression with features built

by convolutional operations; L2: L2 regularization; SVM: Support vector machine classifier;

(Adam): Adam optimizer, else, the default is RMSprop optimizer; DO: 50% dropout only in

the fully connected layer; FDO: Full dropout, i.e., 25% dropout after every max pooling layer

and 50% in the fully connected layer; Transfer: Transfer learning using VGG-16 architecture.

Although the overall result is satisfactory, we also investigate a few typical cases where
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(a) AUC of balanced test set (b) AUC of unbalanced test set

Figure 2.11: AUC for the balanced and unbalanced test sets using our best performing model—

CNN + DA + DO (Adam)—in Table 2.2.

the algorithm makes wrong classification to see if any intuition can be derived. Figure 2.12

shows some of the false positive cases. We hypothesize that the algorithm could predict

the damage through flood water and/or debris edges. Under such hypothesis, the cars in

the center of Figure 2.12(a), the lake water in Figure 2.12(b), the cloud covering the house

in Figure 2.12(c), and the trees covering the roof in Figure 2.12(f) can potentially mislead

the model. For the false negative cases in Figure 2.13, it is harder to make sense out of the

prediction. Even through careful visual inspection, we cannot see Figures 2.13(a)(b) as being

flooded/damaged. These could potentially be labeling mistakes by the volunteers. On the

other hand, Figures 2.13(e)(f) are clearly flooded/damaged, but the algorithm misses them.

2.5 Summary

We demonstrated that convolutional neural network can automatically annotate flooded/damaged

buildings on post-hurricane satellite imagery with high accuracy. While our data is specific

to the geographical condition and building properties in the Greater Houston area during

Hurricane Harvey, the model can be further improved and generalized to other future hurri-
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(a) (b) (c)

(d) (e) (f)

Figure 2.12: False positive examples (the label is Undamaged, whereas the prediction is

Flooded/Damaged).

cane events in other regions by collecting more positives samples from other past events and

negative samples from other areas. From more data, we can obtain both more robust models

as well as sets of hyper-parameters. As mentioned in Section 3, the cropping window size is

dependent on the resolution of the available imagery (the mode of collection), as well as the

typical building footprint size in the region. From our grid search on the window size, as long

as the window captures the building adequately, the performance does not vary significantly

so the data collection operator can still have some flexibility about the collection methods
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(a) (b) (c)

(d) (e) (f)

Figure 2.13: False negative examples (the label is Flooded/Damaged, whereas the prediction

is Undamaged).

(e.g., using drones).

For faster disaster response, a model should be able to process and annotate on low-

quality images. For example, images taken right after a hurricane landfall can be covered

largely by cloud. Also, image providers might not have enough time to pre-process images

well due to the urgency of situation. We will investigate how a model can be made robust

against such noise and distortion to reliably annotate damages.

Although the current work extracts the positive and negative samples based on different
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temporal information of the dataset, it would be more realistic to gather the samples from

different spatial information using the same timestamp after the event happens. This would

make the data closer to the actual scenario when the method is targeted to be deployed after

an event happens. This direction warrants further investigation in future work. We also

wish to extend the model to the annotation of road damages and debris, which could help

plan effective transportation routes of medical aids, foods, or fuels to hurricane survivors.

Appendix: dataset and code

The dataset and code used in this work are available at the first author’s Github repository

https://github.com/qcao10/DamageDetection. The dataset is also available at the IEEE

DataPort (DOI: 10.21227/sdad-1e56).

https://github.com/qcao10/DamageDetection
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Chapter 3

POST-HURRICANE DAMAGE ASSESSMENT USING
SATELLITE IMAGERY AND GEOLOCATION FEATURES

3.1 Introduction

Damage assessment after hurricane makes landfall is increasingly gaining attention within

the disaster research community. The current practice of windshield survey, which relies on

emergency response crews and volunteers to drive around the affected area is known to be

costly and time consuming. To speed up the process, several researches have been conducted

to reduce data collection time or assist the visual inspection. One notable direction is using

deep learning to detect whether a building is damaged or not after a hurricane event. In our

previous work [26], we have shown that using satellite imagery from crowdsourcing campaign

can achieve state of the art performance on classifying damaged building based on several

metrics such as accuracy, precision-recall, and F1 score. Besides satellite imagery in Red-

Green-Blue (RGB) band, other studies have explored the use of deep learning in flood risk

assessment using IKONOS-2 imagery [122], or time series of satellite imagery [115]. In this

work, we continue to use the high-resolution optical sensor RGB imagery since they are easier

to be interpreted.

The remaining of this chapter is organized as follows. In Section 3.2, we present a

brief review of current literature on convolutional neural network and its applications using

multimodal data . Section 3.3 describes our proposed methodology in dataset construction

and model architecture. Details of the implementation and discussion of the results are

presented in Section 3.4. Finally, Section 3.5 concludes this work and draws some future

research directions.
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3.2 Background

3.2.1 Relevant flood damage assessment practice

In this section, we review some of the state-of-the-art methods in flood damage assessment.

There has always been a close relationship between flooding properties, ground topography

and damage quantification. Within the field of hydrology, the role of bare-earth topography

elevation is so important to hydraulic modeling of water flows that the elevation estima-

tion methods have been studied in various works such as [103,126]. In [73], using moderate

resolution imaging spectrometer (MODIS) time-series imagery, the crop damage extend at

each map grid pixel (approximately 500m) is studied as a function of flood depth and flood

duration. Similarly, a study by [88] attempts to classifies regions of pixels into water, veg-

etation, urban, and bare land at the coastal areas of Japan after the earthquake triggered

tsunami. In a separate study, relative frequency of flood inundation is shown to exhibit

the same probabilistic distribution as relative water depth, which is characterized by bed

elevation [115].

The above methods mostly utilize variants of synthetic aperture radar (SAR) imagery

and/or earth elevation from digital elevation model (DEM) in their work. SAR imagery

has its own advantages in mapping surface features, or roughness pattern. However, it

could be harder for laymen (e.g emergency managers and first responders) to interpret than

optical sensor imagery. In addition, there are fewer satellite equipped with SAR sensors than

optical sensors. Our approach in this work is to leverage the availability and interpretability

of high-resolution RGB satellite imagery. Our goal is to create a framework that can be

readily deployed through crowd-sourcing campaigns such as the one used in this work or

aerial imagery collected from drones.

3.2.2 Deep learning with mixed data

Recent studies have demonstrated that the information is much richer when combining im-

ages and other modality of data. In [118], image classification can be improved by including
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location context, derived from Global Position System (GPS) tags, of the images. Simi-

larly, [72] also successfully learn that images on Instagram and text caption can interact

with each other to inform a more complex meaning that can explain their intent, contex-

tual, and semiotic relationships. Perhaps most related to our work are the studies showing

promising results in predicting housing price using traditional housing attributes, such as

area, number of rooms, zipcode, etc. combining with the house interior/exterior photo [12],

or the neighbourhood street and aerial views [74]. There is still a relatively smaller number

of researches about using multimodal data compared to pure image feature. As highlighted

by many authors in the field, there are various levels of challenges in collecting data and

how to incorporate the non-image features effectively into the (CNN) model. In our work,

we also encounter similar issues and data collection and preprocessing easily take up a major

amount of work. Nonetheless, the result is really rewarding for us to achieve state-of-the-art

performance in post-hurricane damage assessment. The computational cost, given the data

is available, is still much more efficient than physical data collection and site survey.

3.3 Methodology

In this section, we describe our dataset and model architecture.

3.3.1 Data description

The data we used are the publicly available imagery captured after Hurricane Harvey event

(post-event data), plus the coordinates annotated by crowd-sourcing volunteers as they think

a building is damaged or flooded, made available by DigitalGlobe [7]. The raw imagery data

covering the Greater Houston area was captured in about four thousand strips (∼ 400 million

pixels (∼ 1GB) with RGB bands per strip) in different days. In our previous work [26], we

used the post-event imagery to crop the images at those coordinates to build the positive

labels (Damaged), and pre-event data at the same coordinates to build the negative labels

(Undamaged). This approach using temporal difference to separate the data presents some

limitations in terms of modelling and usability in the future. As can be seen in Figure 3.1a
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and Figure 3.1b, the positive and negative labels from different timestamps may have different

color scale, hue, or saturation. In addition, there is flood water almost in every positive labels,

which might lead the model into water detection rather than actual damage detection.

In current work, we extract the data from the same post-event imagery (Figure 3.1c

and Figure 3.1d, where it is inherently more difficult for the model to distinguish between

damaged and undamaged building where flood water already invades most of the area. The

color scale, hue, or saturation are also more consistent across the whole dataset to eliminate

undesirable learning by the color scale.

(a) ‘Undamaged Build-

ing’ using pre-event im-

agery

(b) ‘Flooded/Damaged’

using post-event imagery

(c) ‘Undamaged Build-

ing’ using post-event im-

agery

(d) ‘Flooded/Damaged’

using post-event imagery

Figure 3.1: Two different ways to construct the dataset. The first way (a and b) uses different

temporal information of the same location to label the data. The second way (c and d) uses different

spacial information of the same timestamp to label the data

Since the coordinates provided by DigitalGlobe only consists of positive labels, we need

to manually collect the negative labels ourselves as shown in Figure 3.2. From the Open-

StreetMap API [6], we divide the area into customized, much smaller strips to extract build-

ings coordinates that does not share the same footprint with the coordinates provided by

DigitalGlobe’s volunteers. To this end, we are assuming that the search by the volunteers

are exhaustive, and every building coordinate not found by the volunteers is considered as
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undamaged.

Figure 3.2: ‘Flooded/Damaged’ and ‘Undamaged’ building locations after the events.

After collecting the set of coordinates for both labels, we use Google Map Developers

API [5] to get the elevation at these coordinate to build the elevation feature for the dataset.

From the same set of coordinates, we use QGIS GRASS API to find the distance from each

coordinate to their nearest water body. The raster data for Texas area water bodies are

provided by the United States Geological Survey (USGS) Geographic Information System

Data [8].

The rationale behind choosing distance from water bodies and elevation as extra geolo-

cation features comes from some visualization and analyses. As can be seen in Figure 3.2,

most of the ‘Flooded/Damaged’ buildings are very close to the major water bodies in the

region. This is further confirmed through a flood simulation in the Houston area as shown

in Figure 3.3. As we increase the flood depth, area around major water bodies have higher

likelihood of being flooded.
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(a) Simulation of 5-meter flood in Houston area

(b) Simulation of 10-meter flood in Houston area

(c) Simulation of 15-meter flood in Houston area

Figure 3.3: Simulation of different levels of flooding in the Houston area .

For the second geolocation feature, we also make some strategic comparison between

choosing elevation and individual building coordinates. Initially, coordinates seems to be a
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logical choice to encode the neighbouring relationship of building cluster, which share similar

disaster resilience characteristics and tend to be affected together. However, elevation can

be even more informative. First, it can be used as an encoder for neighbouring houses

as well, as nearby houses tend to not differ much in elevation. Second, we can capture an

obvious physical behaviour, in which lower elevation may result in higher likelihood of getting

flooded. Last but not least, elevation may be used to generalize to other regions, whereas

coordinates practically cannot. Another region may have a different elevation, and different

flood catchment capacity but as long as their relative difference in elevation still prevail, we

can still deploy the model trained using Houston information to quickly perform damage

assessment over there.

3.3.2 Model description

The models presented in Section 3.4 are based on deep convolutional neural network. The

model consists of an image encoder for the imagery, some fully connected layers to encode

the geolocation features, some fusion layers to combine the two encoded information, and a

class prediction layer.

For image encoder, the same convolutional setup in [26] is adopted with a sequence of

convolution layers, max pooling layers, followed by a fully connected layer. At the end,

the image encoder yields a 4 dimensional embedding for the imagery. For the geolocation

encoder, two layers of fully connection results in a 4 dimensional embedding. These two

embedding are concatenated to form a common embedding dimension of 8 in the fusion

layers, which yields the final single node for class prediction after a few more fully connected

layer. (Figure 3.4).

There are some hyper-parameter tuning works in the embedding size. We would like to

investigate the effect of giving the same embedding sizes to the imagery and the geolocation

features. From our previous work, we know that the image encoding works quite well with the

image feature alone so there is no issue with using a small embedding size (e.g 4 dimensions).

The question remains whether to give the geolocation the same or smaller embedding size
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since we start with only two features. This decision is informed through analyzing the

performance of the model using purely imagery and geolocation features. As can be seen in

Section 3.4, geolocation features already provide a good signal to the likelihood of building

damage, almost comparable to the imagery, which leads us to give the the equal embedding

size in the combined model.

Figure 3.4: The mixed data neural network model that utilizes both satellite imagery and geolo-

cation features to detect damaged building.

3.4 Implementation and Result

The network is trained to optimize with the Adam optimizer using the cross-entropy loss.

We run all experiments on CentOS 7.7 (64-bit Linux) by training and validating our model

using 5-fold cross-validation for 70 training epochs. In total, we spent 25 GPU hours to run

all experiments. The model is built through the Keras library with TensorFlow backend with

a single NVIDIA K80 Tesla GPU with 64GB memory on a quad-core CPU machine.

The individual images are cropped from the original imagery at the window size of
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256x256 due to its better performance in the mixed data model. We experimented with two

different cropping window sizes, 128x128 and 256x256 pixels, as we observed they yielded

the highest performance metrics in our previous work.

This method relies heavily on the availability and quality of data and therefore poses

some potential limitations. First, the imagery data was taken as a time series, with a lot of

pan-sharpening and cloud coverage issues. It takes multiple iterations to get a reasonbale

amount of usable data. Second, the geolocation data comes from different sources. Some data

sources do not have complete data and/or use different formats. Preprocessing is intensive to

join all the data together based on their geo-coordinates. Nevertheless, the entire process can

be done computationally and added extra time and manpower saving to traditional damage

assessment practice such as post-event windshield survey.

After cleaning and manual filtering, we are left with 13,993 positive samples (Damaged)

and 10,384 negative samples (Undamaged) of unique coordinates. The dataset is split to have

67% of the data as training data as 33% as test data. The class distribution is preserved

similarly to the original distribution in training and test data. The split is repeated 5 times

to form 5 cross-validation sets, in each of which we train and test using the same model

architecture to get both the mean and standard deviation of performance.

We present our model performance results on the test data in Table 3.1 based on the

probability threshold of 50% to determine a class prediction. Due to class imbalance in our

dataset, the metrics used here are accuracy, F1 score, precision, and recall. Image feature

yields better precision. On the other hand, geolocation features seem to provide better recall

than precision so it is more effective in detecting Damaged samples. This is not surprising

since the geolocation features are carefully designed and we expect building damage to follow

physical laws. Generally, combining different types of data yields quite balanced performance

and improves all metrics. Depending on priority of the model users, probability threshold

can be adjusted to trade for more recall in order to identify more Damaged samples.
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Table 3.1: Performance metrics across models

Method
Metrics

ACC Precision Recall F1 score

Img only 79.5 ± 8.3% 0.88 ± 0.03 0.64 ± 0.30 0.68 ± 0.22

Geo only 88.6 ± 1.4% 0.86 ± 0.03 0.97 ± 0.003 0.91 ± 0.02

Img + Geo 97.47 ± 2.5% 0.91 ± 0.14 0.99 ± 0.003 0.94 ± 0.08

Remarks: Img only: model trained on image feature only; Geo only: model trained on ge-

olocation features only; Img + Geo: model trained on both types of data. Each performance

metric reported here shows the mean ± standard deviation across 5 cross-validation sets.

3.5 Summary

We have demonstrated that damaged buildings can be detected with decent accuracy. Ge-

olocation information can substantially improve the performance of CNN, and reduce the

hyper-parameter tuning work. The model can be generalized to other regions and events as

more data from more hazard events is aggregated. Since the geolocation features used are

carefully chosen as relative elevation and relative proximity to water body, the model can

be adapted to deploy to other regions and events without retraining. It could be that the

relationship between elevation and flood likelihood is specific to regions, but we are trying

to capture the neighboring representation of the buildings so to apply to another region, we

might only need to adjust the output likelihood linearly, to gain more recall, if necessary.

However, there is be a trade off between using too specific features to a disaster type (e.g.

hurricane) such as the proximity to water bodies and generalization to other types (e.g earth-

quakes). It could be helpful for the disaster management community to train a few models

with performance validated on past events, that can be ready when another event makes

landfall.
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Chapter 4

INFRASTRUCTURE RECOVERY CURVE ESTIMATION
USING GAUSSIAN PROCESS REGRESSION ON EXPERT

ELICITED DATA

4.1 Introduction

Infrastructure recovery time estimation is critical to disaster management and planning. In-

spired by recent resilience planning initiatives, we consider a situation where experts are

asked to estimate the time for different infrastructure systems to recover to certain function-

ality levels after a scenario hazard event. We propose a methodological framework to use

expert-elicited data to estimate the expected recovery time curve of a particular infrastruc-

ture system. This framework uses the Gaussian process regression (GPR) to capture the

experts’ estimation-uncertainty and satisfy known physical constraints of recovery processes.

While more data would generally yield a more accurate estimate, there is a practical

limitation on collecting expert-elicited data. We study how to balance between the cost of

collecting data from expert elicitation and the estimation accuracy of GPR. We consider

multiple expert elicitation schemes to identify the best way to estimate the recovery curve

with a reasonable cognitive burden on experts while maintaining good estimation accuracy.

We simulate expert-elicited data by randomly generating expert estimates, which are

assumed to be generally close to the empirical recovery curve observed in a case study event.

We evaluate the proposed estimation method based on different empirical recovery curves

from different prefectures and infrastructures after the 1995 Great Hanshin-Awaji Earthquake

and the 2011 Great East Japan Earthquake [100].

The rest of this chapter is organized as follows. Section 4.2 briefly reviews relevant litera-

ture on expert elicitation and GPR. Section 4.3 presents the proposed estimation methodol-
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ogy. Section 4.4 shows the performance of this method through extensive numerical studies

and sensitivity analyses. Section 4.5 draws insights for potential users of this method and

concludes the research.

4.2 Background

4.2.1 Expert Elicitation for Disaster Recovery Estimation

Participatory methods, especially expert elicitation, have been used extensively in disaster

research especially in the areas where empirical data are scarce [90, 92]. The study in [30]

elicits from experts infrastructure recovery estimates (at 0 hours, 72 hours, and 2 weeks

from a hypothetical event) and qualitative inter-dependencies between those infrastructures.

However, the study limits itself to short-term restoration and does not factor uncertainties

into the recovery time estimation.

Expert elicitation itself is a well-established research domain [41, 61]. One of the most

well-known elicitation approaches is the Delphi method [22, 47] characterized by its itera-

tive, anonymous approach for developing consensus among experts. This method has been

used widely in governments and industries [45, 46]. Another approach is the Cooke Clas-

sical Model [37, 41], also known as Cooke’s method, which is one of the most established

methods in expert elicitation literature. This method uses calibration questions, for which

true values are known to the facilitator, to measure both accuracy and informative-ness

of an individual expert’s judgement. These performance measurements, called calibration

score and information score, respectively, are used as weights for aggregating multiple ex-

perts’ judgements. Although developing calibration questions requires extra efforts, this

performance-based weighting scheme has empirically proven effective [43] and represents

the state-of-the-art among various weighting schemes [15, 38, 42]. In this work, we propose

to elicit data from the expert panel using both Delphi and Cooke’s methods. The Del-

phi method is used to estimate a crucial quantity that needs a consensus across experts.

The Cooke’s method is used to aggregate recovery estimates across experts according to
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performance-based weights.

Although many studies elicit point estimates or probability distributions from experts,

there are only a few studies on eliciting functions (e.g., recovery curve) from experts [20,

50,132]. Arguably, the most systematic expert elicitation approach to functional estimation

is developed in [69]. This study estimates seismic collapse fragility functions by eliciting

quantiles of probability distributions, which encompass uncertainties of both seismic shak-

ing intensity and resulting building collapse, from earthquake-engineering professionals. The

reported estimates therein are created by first fitting lognormal distributions to the elicited

probability estimates and then aggregating the distributions using Cooke’s method. While

this approach using the lognormal distribution (often used to model collapse fragilities) is

defensible for this study, generalizing the approach to other functional estimation (especially

recovery time estimation) has a major drawback. Using a parametric distribution like lognor-

mal is too restrictive to reflect the uncertainties underlying the complex recovery processes

being modeled. Thus, this study uses GPR, which allows us to nonparametrically model

recovery curves and the associated uncertainties.

Integration of expert judgements and empirical data is briefly mentioned in the NIST

Guide [2], but no specific guideline is provided on the integration. The Oregon Resilience Plan

[39] was the only resilience planning initiative that explicitly used both expert judgements

and past event data, but the estimation process was still ad-hoc. Currently, to our best

knowledge, there is no systematic statistical inference method being used for expert-based

recovery time estimation in practice. This gap inspired us to develop the proposed method.

4.2.2 Gaussian Process Regression

Gaussian Process (GP) is a nonparametric model that offers the flexibility to model a

stochastic process. It has been used successfully in many applications, such as engineer-

ing, physics, biology, economics, or other fields, in both regression and classification prob-

lems [60, 97, 99, 110]. It specifies a prior distribution over function spaces, where the rela-

tionships over data are encoded in the covariance functions of multivariate Gaussian distri-
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butions. Once the input data is available, GP can model the posterior over function spaces.

The covariance will determine properties or constraints of the process, such as characteristic

length scale, smoothness, or variance [107]. In this study, we are estimating recovery curves,

so we will focus on Gaussian process regression (GPR).

Besides its low bias towards any functional form, GPR is also more suitable to our task

than other parametric methods. It can capture both the uncertainty in the region where

training data is not available and the variability in the training data itself. As a well-known

issue in judgement-based forecasting, no matter how rigorous the elicitation process is, the

results still depend on the experts’ ability to estimate the quantity of interest. Because the

expert estimates are noisy, GPR will capture the variability as an extra source of uncertainty

during the inference step. Figure 4.1 shows two different ways to fit GPR to estimate a

recovery curve, with or without noise in the training data.

(a) GPR with Noise-free observations (b) GPR with Noisy observations

Figure 4.1: GPR fitting with noise-free and noisy observation for Fukushima electricity recovery.

Due to the physical nature of the recovery curve, we also need to impose some constraints

on the GPR model. First, the functionality level should be between 0% and 100%. Therefore,

we will bound the prediction of the GPR model to be strictly between 0 and 1. Second,

although it is possible that functionality level may temporarily decrease in reality (e.g., due

to an aftershock), it should generally increase over time. Hence, to capture this behaviour and
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reduce the prediction error, we also enforce that the curve is monotonically increasing with

respect to time. Montonicity and boundedness are the linear inequality constraints actively

researched in the GP framework [81, 82, 84, 85, 110]. In Figure 4.2, we show the effects of

imposing only monotonicity, only [0,1] boundedness, and both constraints in the model for

the Fukushima prefecture electricity recovery using the R package lineqGPR [81, 82]. It is

helpful to have both constraints in the model. Otherwise, the model may behave in contrast

to the expected physical behaviour of infrastructure recovery. In addition, the constraints

will help to reduce the variance of the prediction. However, imposing these constraints may

be potentially too rigid to capture the flat region near 0% and 90% of recovery. We can

alleviate this issue by eliciting the boundary points so that the GPR is only interpolating

between the elicited data points. Furthermore, the recovery curve can be constructed up to

a functional level below 100% (e.g., 90%) as suggested by the NIST Guide [2]. We will apply

these measures in Section 4.4 for the numerical studies.

4.3 Method

4.3.1 Consideration in recovery curve estimation

Our goal in this study is to estimate the infrastructure recovery curve from point estimates

given by experts using GPR. The two steps (i.e., expert elicitation and GPR) are not designed

totally independently. We carefully design the whole framework considering the logistical,

computational, and theoretical constraints of both steps. The curve is characterized by two

dimensions, namely, the recovery level measured in percentage (100% means the system is

fully functional) and the recovery time measured in either days or hours from the disrup-

tion. GPR, similarly to other regression methods, is more suitable for interpolation between

training data (as opposed to extrapolation). To achieve better performance, it is desired for

the expert elicited data to possess two properties. First, it should be as evenly distributed as

possible so that the interpolated prediction does not exhibit too much uncertainty. Second,

it should cover the boundary values to avoid predicting values beyond the range of the given
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(a) GPR with monotonicity constraint

only.
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(b) GPR with boundedness constraint

only.
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(c) GPR with both monotonicity and

boundedness constraints.

Figure 4.2: Different GPR constraints for the Fukushima earthquake event.

data. It would be of our best interest to elicit the data in both the range of recovery level

(e.g 10%, 30%, 50%, 70%, 90%) and recovery time (e.g 2.5D/10, 5D/10, 7.5D/10, 9D/10),

where D is the (estimated) earliest time for the infrastructure to recover to 100% or another

high functional level (e.g. 90%) depending on what kind of recovery curve we want to con-

struct, to follow the NIST Planning Guide [2]) given by the expert. However, it may not

be very intuitive to elicit recovery levels at some certain time, e.g. ”What is the estimated

recovery level at day 11 after the event?”. Therefore, in our proposed method below and the

numerical studies in Section 4.4, we only elicit the recovery time at some certain recovery
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levels.

In addition to eliciting recovery times at different recovery levels, we also want to elicit

D, as introduced above, so that we can normalize the recovery time to be in the range of

[0, 1] for the following reasons:

1. The constructed curve could be more generalizable to future disaster events. If we face

another similar events in the future, where similarity is defined by dominant charac-

teristics of the events (e.g., Richter magnitude and earthquake resilience of the area, or

Saffir–Simpson scale and hurricane resilience of the area), we can significantly reduce

the elicitation effort by either using the existing recovery curves or simply eliciting the

earliest full recovery time D and scaling the recovery time based on the particular D

values of new events.

2. It is easier to compare different recovery curves of different natures on the same scale

in the range of [0, 1].

3. We can offer some insights from the shape or pattern (e.g., for hurricane category

1 vs. 5; magnitude 6 vs. 8; power vs. water; urban vs. rural) of recovery, which

has formed consensus across many communities, so that other communities lacking

the opportunity/resource to conduct extensive elicitation procedure can still use these

curves as references of possible recovery trends.

4. In terms of GPR modelling, we want to have both axes in the process to be between

[0, 1] in the fitting and inference following the implementation in [81, 82]. The actual

unit of recovery time can be easily scaled back to days or hours after the inference

procedure.

4.3.2 Challenges in Expert Data Elicitation and Modelling

From the design considerations above, we anticipate some challenges in the elicitation process

as follows:
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1. Obtaining the earliest time to full recovery D: D should be universal across all experts.

One way to obtain this is to have an open discussion among experts until they reach

a general consensus on how long D should be. Another way is to employ point-based

expert elicitation methods, for example in [101], to estimate the probability distribution

of D. Another possibility is to use the individual expert’s D value to normalize their

own recovery time estimate.

2. Obtaining the input noise level σ: This is required for the statistical modelling process.

This can be interpreted as how uncertain the experts’ estimates are. We may gather

the data and estimate the uncertainty based on their data after the elicitation process.

This σ will account for both within-expert and across-expert uncertainty. The GPR

framework assumes that one type of noise is present in the data, which accounts for all

the uncertainty, and that the noise level is constant across all levels of input. In case we

want to decompose the uncertainty further, it is more straightforward to estimate the

across-expert uncertainty since we have different expert data at each recovery level.

However, within-expert uncertainty estimation is tricky. One way to estimate it is

through Cooke’s method where calibration questions are used to measure the inherent

estimation uncertainty. However, one can challenge the underlying assumption that

the estimated uncertainty based on calibrating questions remains the same as the

uncertainty for main questions. Regardless, it is reasonable to assume that within-

expert variability is negligible compared with across-expert variability.

3. Obtaining more elicited data: While we may drive down the estimation uncertainty

by collecting more data, this would impose more logistical burden to the experts. In

addition, the experts may have some cognitive difficulty to distinguish between smaller

difference in recovery levels, e.g 10% and 20%.

On the other hand, there are also some challenges in the modelling and inference process:

1. If we ask each expert to give an estimate of D, it is challenging to determine which D
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to use and how to normalize the time.

2. If we have noise/uncertainty in both dimensions (input and output), it does not follow

the conventional GPR framework, in which y = f(x) + ε, where ε follows N(0, σ2).

To further elaborate this point, in the GPR framework, we assume that the input is

fixed, i.e. if we want to predict the recovery time at each functionality level, we fix

the functionality level and the prediction of recovery time will exhibit some level of

uncertainty. This is consistent with our experiment implementation in Section 4.4.

4.3.3 Recovery curve estimation framework

In terms of workshop design, we can adopt the Cooke Classical Model [41] to perform elic-

itation of expert judgments. There are several ways to aggregate experts’ estimates, such

as linear pooling or performance based weighting. Linear pooling, although with its least

logistical cost of designing calibration questionnaire, is shown to under-perform other per-

formance based methods [43]. Although questionnaire design is beyond the scope of this

work, we outline one way to perform calibration on the expert judgments following the per-

formance based weighting methods. There should be a set of calibration questions, which is

closely related to the quantity of interest we are trying to estimate. An example question

could be, given a functionality level, what is the estimated time that the expert thinks an

infrastructure can take to achieve. An expert will be asked to give different quantile esti-

mates on the quantity, and they form their subjective probability mass about such quantity.

Under the Cooke Classical model, there will be two types of scores being generated from

this calibration exercise. The first is an information score, or how confident an expert is

about her estimates. The second score is a calibration score, which is the likelihood that

her judgement corresponds to the actual results. A product of the two quantities can be

used as a general score to determine the performance weight, which is then used to take

the weighted average of experts’ estimates. To further optimize for performance, we can

vary the selection threshold, below which will render an expert’s weight to 0, to get the best
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performance metric on the calibration questions. Then, that set of optimized weights can be

used to elicit the quantity of interest.

We also consider a few elicitation schemes. Each scheme has its own advantage and

disadvantage, which are also presented individually.

Scheme 1: Maximum amount of elicited data and elicit in parallel.

1. Ask each expert for the maximum amount of time to recovery D, recovery times at

fixed functionality levels (10%, 30%, 50%, 70%, 90%), and functional levels at fixed

recovery times (e.g 2.5D/10, 5D/10, 7.5D/10, 9D/10).

2. Use the sample mean/median (across experts) of all elicited data as the training data,

with Cooke’s method weighting if necessary.

3. Use all estimates (across experts) at each level to estimate the noise level.

4. Fit GPR and make inference

5. Repeat the process in other events

Advantage: Full range of data over both dimensions. Impose less burden in elicitation

logistics than scheme 2. Elicitation can finish in one stage.

Disadvantage: Uncertainty in D estimation can lead to erroneous and high uncertainty in

prediction. Furthermore, as mentioned above, the GPR framework assumes one dimension

as fixed input. Eliciting in both dimension could violates this assumption.

Scheme 2: Two-stage elicitation. The maximum recovery time D will be iteratively

discussed among the experts until reaching consensus.

1. Stage 1: Ask each expert the maximum amount of time to recovery D.

2. Show all the expert the (range of) elicited D values.

3. Ask expert to revise their D estimate until reaching agreement.
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4. Stage 2: Ask each expert a full range of fixed recovery level (10%, 30%, 50%, 70%,

90%) and recovery time (e.g 2.5D/10, 5D/10, 7.5D/10, 9D/10), with Cooke’s method

weighting if necessary.

5. Use the mean/median of each estimate as the training data.

6. Use all estimate at each data point to estimate the noise level.

7. Fit GPR and make inference

8. Repeat the process other events

Advantage: Full range of data over both dimension. Reduce uncertainty in the maximum

recovery time.

Disadvantage: Two-stage elicitation will require more effort from the expert.

Scheme 3: Using either scheme 1 or scheme 2 but with less number of elicited data (e.g.,

3 points for each dimension)

Advantage: Less burden on the expert.

Disadvantage: May result in a sub-optimal fit and prediction.

Scheme 4: Elicit on only one dimension, fixing recovery levels and ask for recovery time.

1. Obtain estimate of D, following either scheme 1 or scheme 2. The numerical studies

will use scheme 4 with each expert’s estimate of recovery time being normalized by her

own estimate of D.

2. (OPTIONAL) Repeat the process for the 3 scenarios (worst, best, most likely)

Advantage: Straightforward in modelling. Simple to interpret and implement.

Disadvantage: Data may be sparse. In some events (e.g the Fukushima electricity recov-

ery in Section 4.4), the recovery is expected to be extremely fast in the first few hours. The

expert may say the recovery is up to 70% in the first day and 90% the next day. In this
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case, the GRP model may not provide much additional values to stakeholders in recovery

planning.

Scheme 1 will speed up the elicitation process since we can elicit on both dimensions.

However, the question is whether we need to elicit in both ways (fix the level then elicit

the time, and fix the time then elicit the level). Scheme 2 is almost identical to scheme 1,

except with the elicitation of the earliest full recovery time D to reach either 100% or 90% to

normalize the time axis. Scheme 3 is a less resource-demanding version of Scheme 1 and 2. In

Section 4.4, we will study the optimal number of elicitation levels through sensitivity analysis.

Although we can try to elicit in both ways, to be consistent with the GPR framework, we

can only use one dimension (either recovery time or recovery level) as input and predict the

remaining dimension. Instead of spending experts’ resources on eliciting in both ways, we

can use their effort to elicit more recovery time at higher granularity of functionality level or

elicit more scenarios (best, worst, most likely). In view of the above considerations, we will

demonstrate the framework of Scheme 4 in the numerical studies in Section 4.4.

4.4 Numerical Studies

To demonstrate the performance of the framework, we try to evaluate it on different em-

pirical recovery curves from different prefectures and infrastructures in the 2011 Great East

Japan Earthquake Disaster and the 1995 Great Hanshin-Awaji Earthquake Disaster. The

framework is designed to be applied where an expert elicitation workshop is run in conjunc-

tion with statistical modelling. For demonstration purpose in this work, we will simulate

the expert opinion. Assuming that the experts are capable of estimating the true recovery

curve with a reasonable accuracy, we use the entire available empirical data (such as those in

Figure 1.4) to fit the polynomial regression model as a surrogate to the expert opinion. The

simulated expert can be queried for recovery time given a functionality level and vice versa.

In Scheme 4, we provide a functionality level as an input to the simulated expert and obtain



54

the recovery time estimate as the output. Each expert can be modelled using Eq. (4.1):

days = fpoly(recovery) + εdays, (4.1)

where ε follows N(0, σ2) as per standard polynomial regression notation. σ2 will capture the

variability within each expert.

However, it is better for the model to utilize the fact that the output (i.e., recovery time)

is always positive by taking log transformation on the output variable. Thus, the expert

model in Eq. (4.1) becomes

log(days) = gpoly(recovery) + εlog(days) (4.2)

The fitted polynomial regression function gpoly is demonstrated in Figure 4.3.

(a) Polynomial fit in the log scale of

the days/recover time

(b) Predicting recovery time in the

original scale

Figure 4.3: Expert simulated model is built based on all the available data of a past event using

polynomial regression, which will allow the sampling from the curve will be very close to the actual

values. The model represents an average prediction across multiple replications and multiple expert.

In other words, if we have infinite amount of experts, we assume that their average prediction will

converge to the fitting curve or the actual data.

Furthermore, it is desirable to model two distinct sources of the estimation variability

εlog(days). Thus, a layer of Gaussian noise ε1 is added to the output to model within-expert
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variability. A second layer of Gaussian noise ε2 is then added to model across-expert vari-

ability. The two noise terms are additive in the log-transformed model because we model the

errors to be multiplicative in the original scale. The log transformation will then make the

multiplicative errors become additive, to be consistent with the polynomial regression frame-

work. The multiplicative errors are intuitive. For example, consider a scenario event that

makes the recovery estimation challenging for all experts (i.e., high across-expert variability,

V ar(ε2)). Then, the individual expert’s large uncertainty perhaps due to lack of experience

(i.e., high within-expert variability, V ar(ε2)) will amplify the effect of the challenging esti-

mation problem, thus resulting in highly variable recovery time estimates. In summary, the

elicited recovery time estimates are simulated using

dayssimulated = exp(gpoly(recovery) + ε1 + ε2) (4.3)

As an implementation note, due to the randomness from ε1 and ε2, sometimes the se-

quence of simulated expert’s estimates could be non-monotonic. How likely it happens

depends on the variance of the errors. Since we assume the experts are only providing esti-

mates for a monotonic recovery curve (i.e., no deterioration of infrastructure functionality in

the midst of recovery, for example, due to aftershocks), they will only provide monotonically

increasing recovery time estimates with respect to the functionality level. In our simula-

tion, to ensure that the simulated recovery estimates satisfy this assumption, we reject the

non-monotonic estimate paths until a monotonic sequence is generated.

Using the simulated data, the GPR model with monotonicity and boundedness is fit as

follows:

recovery = GPR(dayssimulated) (4.4)

Figure 4.4 shows the performance of this framework on different prefectures (Miyagi

electricity, Fukushima electricity, and Iwate electricity) and different infrastructures within

the same prefectures (Great Hanshin water and gas). We simulate the process of eliciting

from 5 experts, asking for recovery time at 10%, 30%, 50%, 70%, 90% functionality levels,
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averaging their estimates, and construct the GPR curve.

It is observed that the method is very flexible. In Fukushima electricity recovery, although

the actual recovery started at about 40% in day 1, we can still capture the rest of the recovery

curve simply by eliciting from 30% onward. This translates to some freedom to the experts

in actual workshops. They can skip some levels if they think it does not make sense to

estimate when they think the recovery actually will happen quickly initially.

In Figure 4.5, it may seems that the recovery does not capture the initial recovery stage

very well. This often happens in lagging infrastructure such as gas, which is usually recovered

after electricity and water. We do not view this as an issue since we believe the portion of the

recovery curve between 10% and 90% should deserve the most attention, which the model

can capture quite well with high confidence.

We also investigate how sensitive the estimation framework is to the number of experts

by monitoring the root mean square error (RMSE) of prediction on the available test data

(different from the recovery levels elicited from the experts). We first perform simulation to

measure the performance in terms of RMSE of the framework with 1, 3, 5, 7, 9, 11 experts

based on Miyagi electricity recovery to see if there is an “elbow” of performance change point

to balance the logistics of elicitation and accuracy, as shown in Figure 4.6. In Table 4.1,

we vary the number of simulated experts to be 3, 5, or 10. Given a fixed noise level within

and across experts, it seems that the result is quite stable with 5 experts. We acknowledge

that in this simulation, all the experts are modelled to exhibit the same level of uncertainty,

which is not realistic in practice. In fact, in usability testing experiments in [55], where the

participatory performance, involving both expert and novice users, is measured in a group

of 5 and beyond, the study shows that some randomly selected group of 5 participants can

perform relatively well although the risk is that the performance variance is high. However,

in actual workshops, there could be more than 5 experts (among whom, the expertise level is

theoretically more consistent than the study in [55]), and as long as their opinions converge

to some underlying quantity, the estimation still can provide a reasonable recovery curve.

We conduct another analysis to measure how the framework performs with different
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levels of elicitation. Our initial hypothesis is that performance will improve as we elicit more

data, which may increase more logistical burden to the expert. The hypothesis is generally

confirmed from Figure 4.7. It also does not penalize performance very much to have custom

spacing of levels, so we can focus more on asking the experts at more intuitive recovery levels.

Table 4.1: Sensitivity analysis on the framework performance to the number of experts. In

this table, the experts are simulated to have equal contribution to their estimate, and the

simulated noise variance in equation 4.3 is V ar(ε1) = V ar(ε2) = 0.1. Note that the unit

for RMSE is the fraction of recovery level. The RMSE presented is the average across 100

simulation replications.

Prefacture/ Infrastructure Number of Experts RMSE

Fukushima electricity 3 0.0637

5 0.0567

10 0.0524

Miyagi electricity 3 0.0405

5 0.0340

10 0.0297

Iwate electricity 3 0.0457

5 0.0398

10 0.0373

Great Hanshin water 3 0.0447

5 0.0352

10 0.0334

Great Hanshin gas 3 0.0542

5 0.0516

10 0.0497
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Table 4.2: Sensitivity analysis on the framework performance to the uncertainty in expert

estimation (V ar(ε1), V ar(ε2) in Equation 4.3. In this table, data is simulated from 5 experts

for 100 simulation replications.

Prefacture/ Infrastructure V ar(ε1), V ar(ε2) RMSE

Fukushima electricity 0.1 0.0567

0.3 0.0600

0.5 0.0985

Miyagi electricity 0.1 0.0340

0.3 0.0583

0.5 0.0811

Iwate electricity 0.1 0.0398

0.3 0.0549

0.5 0.0686

Great Hanshin water 0.1 0.0352

0.3 0.0427

0.5 0.0546

Great Hanshin gas 0.1 0.0484

0.3 0.0636

0.5 0.0916

4.5 Summary

We demonstrate in this research a framework to assist the community resilience planning

through constructing potential infrastructure recovery curve. The method combines experts’

opinions and Gaussian process regression to unify domain knowledge and uncertainty quan-

tification in the curve. To understand the method better, we perform extensive sensitivity

analysis to draw insights in various elicitation schemes, the effect of number of experts,
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number of elicited points, at which levels, to predictive performance. Although the appli-

cation of the framework is infrastructure recovery after natural hazards domain, it can be

generalized to other fields such as reconstruction of building stock or housing recovery after

a disaster. We do not consider inter-dependency in this study and treat infrastructures as

having independent recovery process. One future research direction could be conducted to

model their structural dependency to improve the performance and/or reduce the reliance

on expert estimate.
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(a) Miyagi electricity recovery curve

with 95% Confidence interval
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(b) Miyagi electricity recovery curve

with 10 mean predictions
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(c) Fukushima electricity recovery curve

with 95% Confidence interval
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(d) Fukushima electricity recovery

curve with 10 mean predictions
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(e) Iwate electricity recovery curve with

95% Confidence interval

0.2 0.4 0.6 0.8 1.0

0.
2

0.
4

0.
6

0.
8

days (standardized)

re
co

ve
ry

 le
ve

l

(f) Iwate electricity recovery curve with

10 mean predictions

Figure 4.4: Numerical results on different prefectures (Miyagi, Fukushima, and Iwate). The figures

on the left column show the result of GPR model built on one simulated draw of expert opinion.

The grey bands show the 95% confidence interval to capture the uncertainty around the predicted

curves. The figures on the right column show different mean predictions based on different simulated

draws of expert opinion. In all cases, we simulate the process of elicitation from 5 experts.



61

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

days (standardized)

re
co

ve
ry

 le
ve

l

y_sim_elicited
ytest
mean
confidence

(a) Great Hanshin water recovery curve

with 95% Confidence interval
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(b) Great Hanshin water recovery curve

with 10 mean predictions
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(c) Great Hanshin gas recovery curve

with 95% Confidence interval
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(d) Great Hanshin gas recovery curve

with 10 mean predictions

Figure 4.5: Numerical results on different Water supply and Natural gas infrastructures. The data

simulates the process of elicitation from 5 experts.
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Figure 4.6: The plot shows the performance of the framework for electricity recovery at Fukushima,

Miyagi, and Iwate prefactures as a function of the number of experts. The error bar at each level of

experts shows the 95% confidence interval of test RMSE in 100 simulation replications. Although

the more number of experts involving in the elicitation process results in better performance, it is

observed that there is a diminishing marginal return as the number of experts increases in 2 out

of 3 cases. The rate of performance gain is fastest when engage from 1 to 3 experts. The rate is

slower from 3 to 7 experts. It drops to the slowest rate if we increase from 7 to 11 experts.
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Figure 4.7: The plot shows the performance of the framework in terms of test RMSE in 100

simulation replications for electricity recovery at Miyagi and Iwate prefectures as a function of the

number of elicitation levels. We evaluate the performance when eliciting 2, 3, 4, 5, 6 levels from the

experts. Custom spacing means we fix the elicited recovery levels at intuitive levels to the experts

such as 10%, 30%, 50%, etc, regardless of the number of levels. Equal spacing means we get the

levels by equally divide the range from 10% to 90% by the number of levels, which results in some

odd levels, such as 10%, 36.67%, 63.33%, 90% at 4 elicitation levels. The plot shows some general

trends that at 4 to 5 elicitation levels, the performance can be satisfactory.
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Chapter 5

CONCLUSION

This dissertation develops three fast and efficient frameworks to improve situation aware-

ness of stakeholders, especially emergency managers and first responders, after a hazard

event. Situation awareness is valuable to make effective resource planning and timely rescue

actions. However, the cost of obtaining this information is usually not trivial. This is due to

the fact that: (a) it could be time-consuming to collect data, especially right after the event,

(b) disaster management is usually a collective effort from many organizations, so the data

collected has to be processed to synchronize and understand the findings, and (c) natural

hazards do not happen frequently so it is not obvious how to leverage emergency managers’

experience to react better in future events. The following chapters address these challenges

in a data-driven manner while carefully considering the logistics cost and interpretability so

that they can be adopted widely among the disaster management community.

Chapter 2 proposes a semi-automated framework to quantify damage of the affected

region after a hurricane event. We show that through publicly available satellite imagery,

the convolutional neural network (CNN) model can perform building damage annotation with

reasonable accuracy. Although some level of manual data processing is required, this method

provides a great saving in terms of time and labor to conventional methods such as windshield

surveys to quantify damage. Recognizing the limitations in Chapter 2, Chapter 3 proposes

several improvements in both dataset construction and methodology. Instead of extracting

the damaged and undamaged building images based on different temporal information of the

dataset, we gather data from different spatial information using the same timestamp after

the event happens. This makes the dataset closer to the actual scenario when the method

is targeted to be deployed after an event. In addition to using satellite imagery information,
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leveraging geolocation information can significantly improve the performance of CNN, and

reduce the hyper-parameter tuning effort. This method shows a promising direction to

combine other disaster damage quantification features that have been used before the CNN

era, such as area flooding resilience index, or distance from epicenters, to remotely sensed

images. Since the geolocation features used are carefully chosen as relative elevation and

relative proximity to water body, the model can be adapted to deploy to other regions and

events without retraining. These two chapters can help improve the perception level of

disaster situation awareness so that stakeholders can make informed decisions to assist the

victims. The results obtained, a set of bird’s-eye view of buildings in the affected region and

their damage status, are easy to interpret and verify.

Chapter 4 aims to improve the projection level of situation awareness by providing a

reliable estimate of potential infrastructure recovery time. Our method combines experts’

opinions and Gaussian process regression to unify domain knowledge and uncertainty quan-

tification in the estimated recovery curves. Our extensive numerical studies and sensitivity

analyses demonstrate that the method is robust against different elicitation schemes such as

number of experts, number of elicited points, and elicitation levels. Although this work is

built around infrastructure recovery, it can be easily extensible to other other recovery, such

as for different capitals and services that are important for community resilience as men-

tioned in [91], as long as we can organize the necessary workshops to conduct elicitation. A

caveat to the framework is that, it could be difficult to build expertise around an overarching

disaster recovery pattern due to low frequency and small similarity of extreme events. How-

ever, the recovery process of individual infrastructure, such as the 16 critical infrastructure

sectors considered by the Department of Homeland Security, can be familiar to the infras-

tructure management experts. They have built experience and collected data over years of

observing their respective infrastructure affected and recovered from various events. The

uncertainty of their estimate about an unseen event can be quantified and reduced through

Gaussian process regression and the elicitation workshop design. Furthermore, it is unclear

how to define an overarching disaster recovery curve as it depends on specific use cases of



66

decision makers. For example, one could define it as the recovery of all infrastructures, which

may be practically too long for the citizen and the government to base their decisions on.

Another possible interpretation could be the fastest time until the basic infrastructure (e.g

electricity) can recover. That also has its own drawback. The fact that electricity comes back

in two weeks does not mean the displaced populations can come back after the same period

as they need some certain infrastructure networks to recover, such as water and gas supply,

so that their homes can be habitable. Therefore, estimated recovery curves of individual

infrastructure would be of better use to decision makers as they provide more flexibility and

interpretability.

From a disaster management perspective, there are numerous ways to assist emergency

managers and stakeholders in their planning, decision making, and performance monitoring

efforts and the situation awareness framework presented in [52] helps fit all the related

research contributions in their logical and intuitive order. From the above three research

objectives, we can now present a full roadmap of how this dissertation can be applied in

practice.

Figure 5.1: An adaptation of the situation awareness framework in dynamic decision making.

As we can see from an adaptation of the situation awareness framework in dynamic

decision making presented in [52] (Figure 5.1), there is a loop of feedback to constantly

improve the current state information and situation awareness of stakeholders to make better
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decisions overtime. A potential use case of the research objectives is as follows. Shortly after

a hurricane makes landfall, we can start deploying the models, as presented in Objectives 1

and 2, to quickly inform emergency managers of the damage extent of the region to provide

Perception level of situation awareness. Depending on the related works or extension of

this work, there can be other damage assessment frameworks available, and they can be

combined altogether to provide a bigger picture about the whole post-event situation to

provide Comprehension level of situation awareness. In Objective 3, the expert elicitation

workshop can be another opportunity to improve Comprehension level as well, as the experts

have a chance to discuss their prior knowledge and gather all the available information, which

potentially could be the damage assessment results from Objective 1 and 2. For instance,

after the damage assessment, the percentage of damaged or flooded buildings within the

region can be made known to the experts to inform them about the actual severity of the

event. As a natural next step in Objective 3, the critical infrastructure recovery trajectory can

assist emergency managers with the projection of how fast or likely the infrastructures and

community can recover from this event. After decisions are made and model performances

are measured for this event, we can gather further information, either in the form of more

samples for damage assessment models, more recovery data points, or better knowledge to

the experts. Then, we can improve all the models and make more informed decisions in

future events, as we follow the feedback loop in Figure 5.1.

Alternatively, we can perform the above iteration continuously within the same event.

That actually provides several benefits. For high-impact events, there usually is a dedi-

cated team of emergency managers, including infrastructure management experts, working

together, which could facilitate more frequent expert elicitation workshops. For example, the

entire situation awareness building process can be repeated every month as more information

about the situation unwraps. As the experts’ knowledge could potentially evolve as more

data is available, the variability in their estimates could be reduced. Furthermore, as time

goes, we would have more anchor points, i.e data with the actual recovery data and no more

uncertainty (e.g., electricity may recover quickly to above 80% after 1 month), and we can
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update the recovery curve estimate for the remaining functionality of the infrastructure.

In the future, there are two potential directions that can be pursued following our findings

from Chapter 2 and 3. The first direction is rapid, real-time damage mapping of damaged

buildings. From recent efficient and instant object detection algorithms such as [108,109], it

would be possible to gather damage status of buildings through more accessible devices such

as drones, freeing the reliance on satellite imagery. Since satellite imagery are considered to

be complex to process due to their size, containing several objects at different scales [117],

incorporating geolocation features to existing object detection algorithms can improve its

metrics such as precision and recall. A potential challenge of this direction is the amount

of labelled data required is usually quite large, which grows together with how complex the

model is. This poses another issue of noisy or wrong labels, which leads to a second potential

direction, label refinement. Recent studies have highlighted the needs of label refinement

in the presence of noisy or wrong labels in large scale datasets [16], or in remote sensing

data [112]. From our studies, geolocation features alone already inform a substantial prior

knowledge about the damage likelihood. We can use that information to refine the imagery

data and correct the wrong labels as necessary.

From the work in Chapter 4, we observe that there is an inherent relationship among

different infrastructure recoveries. For example, electricity tends to recover first, followed by

water supply, and then gas supply. It would be interesting to investigate the dependencies

between infrastructures. For instance, the study in [30] models infrastructure dependencies

qualitatively and limits to short-term projection without uncertainty quantification. We

may directly model their dependencies to either improve the prediction, narrow down the

uncertainty, or reduce the reliance on expert estimates. Although these dependencies may

be already captured in the experts’ estimate, this direction can help to generate recovery

curves of other infrastructures when we do not have access to the experts’ opinion.
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