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Abstract

The Eastern Economic Corridor (EEC) is a special invent zone situated in the coastal area of Chonburi,
Rayong and Chachoengsao provinces of Thailand. The EEC has several major infrastructures and
is poised to attract multiple infrastructure development projects. The coastal provinces of Thailand
are prone to various hazards that include flood, cyclone, tsunami and coastal erosion. These
hazards pose a serious threat to the existing infrastructures including critical infrastructure in the
coastal areas mostly along the Chonburi and Rayong provinces of Thailand.

A risk management exercise in the EEC area is critical to safeguard the existing infrastructure and
the ones being developed in the near future from hazards. This study is a unique step to perform
risk assessment of critical infrastructures with a focus on transport, health and education sectors
with reference to natural hazards of flood, cyclone and coastal erosion. The methodology employs
the identification of key critical infrastructures and indicators of hazard, exposure, sensitivity and
capacity. Further, secondary data is gathered from national and global data sources to analyse
hazards, exposure, sensitivity and finally risk of critical infrastructures in the EEC.

The result shows districts that come under very high-risk level are Si Racha (Chonburi) and Ban
Chang (Rayong). Muang Chonburi (Chonburi) and Muang Rayong (Rayong) are high-risk-level areas.
Under moderate risk level is Klaeng (Rayong) district, while Ko Sichang (Chonburi) and Sattahip
(Chonburi) are considered low risk. It must be remembered that Laem Chabang Port and U-Tapao
Airport are located in very high-risk zones. Similarly, Map Taphut Port, situated in Muang Rayong, is
also a high risk-level zone. On the basis of this knowledge, priority should be given to Chonburi and
Rayong districts while allocating resources. Additionally, for future studies baseline research for
the development of database is highly recommended. Accessibility to such database will ensure a
more accurate and comprehensive risk assessment in the future.

Multi-Hazard Risk Indexing of Coastal Critical Infrastructure: A Case Study of Thailand / 13 /
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1. Introduction

Asian countries have been encountering natural hazards in terms of both frequency and
severity. These disasters have been causing damage to infrastructure and especially to
critical infrastructures. Therefore, understanding current situation of hazards and the probable
impact on these critical infrastructures becomes important. In many industrialized countries,
especially in Southeast Asia, infrastructure has become a crucial key to reduce physical and
economic losses. Over the past few decades South Asia, East Asia and Pacific regions have
been facing inadequacy of critical infrastructure to minimize the mentioned losses and support
development goals.

Critical infrastructure can be defined as assets and services that offer essential resources
related to the physical structures, which enable the economy and society to function. According
to the World Bank Group, inaccessibility to critical infrastructure, particularly electricity, water
supply, transportation or sanitation services, increases the pressure on people health, quality
of life, education, employment and economics (Marcelo et al., 2020). Even though definitions
and categorizations of critical infrastructure differ among countries, their role are important for
running societies and economy. Moreover, in terms of industrialized societies they rely heavily
on the functioning of infrastructure services, especially, telecommunication technology, power
supply or water supply. These services help to accommodate other operations such as health
system, drainage system, sanitation system and so on. Mohanty et. al. (2020) said the term
‘critical infrastructure’ has diverse connotations, depending on the context of its use. They
believe that the simplest way to identify vital infrastructure is to determine what is essential to
the society’s normal operations. Systems, assets, buildings and networks that offer essential
services for an economy’s operation as well as safety and well-being of the population are
referred to as critical infrastructure.

However, critical infrastructure can get damaged or interrupted by natural hazards, disasters or
other threats (e.g., anthropogenic activities, terror, human failure). There are past examples of
events such as 2004 Indian Tsunami, 2008 Cyclone Nargis, 2011 Thailand Flood, 2012 Hurricane
Sandy, that had intensive impact on the critical infrastructure. Therefore, having sustainable
infrastructure can reduce disruptions from any threats. Asia and the Pacific confront significant
constraints, determined by the scarcity of infrastructure investment. To have stable infrastructure,
targeted policy reforms, improved planning, management and operation are important to reduce
essential infrastructure-service scarcity and issues related to both quality and quantity (Marcelo
et al., 2020).

In Asian countries, electricity, water supply, transportation and sanitation services are critical
infrastructures and a reflection of the smooth functioning of a society. Therefore, many industrialized
countries in the regions may have to invest US$26 trillion in critical infrastructure by 2030 (ADB,
2017) in order to maintain the growth momentum and tackle climate change.

Thailand is placed as a centre of economic growth in Southeast Asian region. The economic growth
of the country is propelled by export-oriented manufacturing and tourism. However, the region is
prone to natural hazards such as cyclone, flood, storm surge and tsunami. Thailand flood of 2011

—
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alone caused damage and loss to the tune of USS$46.5 billion to various sectors (Haraguchi and
Lall, 2015). In recent times, Thailand has become an upper middle-income country and second
largest economy in Southeast Asia. It transformed from a rural economy to urban agglomeration
where more people live in urban areas as compared to rural areas. This transformation has put
pressure on the existing infrastructure. The country has to invest in making these infrastructures
resilient. The breakdown of these systems may incur devastating impact on public functioning,
safety and resilience. A clear understanding of different degrees of risks to critical infrastructure
and investment decisions by investors, multilateral funding agencies, businesses and national
governments in the region is paramount for the sustainable development of the region. Therefore,
it is important to identify the risks to critical infrastructure and address them to build long-term
resilience in the system.

This study aims to assess current situation of hazards in coastal areas of Thailand. The chief focus
will be on Easter Economic Corridor (EEC) that falls in the Chonburi and Rayong provinces of the
country. We will determine the level or potential risk of coastal critical infrastructure by establishing
risk maps. By doing this, we will assist in choosing the direction of investment.

2. Statement of Problem, Objectives and Scope of
the Study

2.1 Statement of the problem

As mentioned above, there are several hazards that pose threat to critical infrastructure,
especially in coastal areas and EEC of the country. These are mostly along coastal areas in
Chonburi and Rayong provinces. These two provinces have the two most important seaports
that are usually affected by hydrological hazards such as coastal flood, coastal erosion and
coastal erosion.

According to Thailand’s Infrastructure Development Action Plan (2017), attempts are being made
to construct and develop comprehensive transportation and logistics systems to increase the
investment value and competitiveness, such as high-speed train connecting three airports, U-Tapao
Airport and Eastern Aviation City, Laem Chabang Port Phase 3, Map Ta Phut Industrial Port Phase
3 and digital infrastructure. These infrastructures will assist in reducing travel time, save shipping
cost and connect and support business and trade from neighbouring regions. This will reflect the
country’s economy in the long run.

However, the mentioned infrastructures are prone to coastal hazards, particularly, flooding, cyclone
and coastal erosion leading to disruption of economic activities and impacting human lives. There
are very few studies about assessing multi-hazard vulnerability, especially in coastal areas in
Thailand, and very little to identify the potential risk, whereas extreme hazards have increased
every year. Developing suitable methods/tools for risk assessment is still an existing gap in this
research area.

—
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2.2 Objectives of the study

The main objective of this research study is to review hazard profile, coastal critical infrastructure
and risk index in the coastal area of Chonburi and Rayong provinces, Thailand. The main objective
is further divided into three sub-objectives mentioned here:

1. To evaluate the hazard profile in the coastal area of Chonburi and Rayong provinces.

2. Toreview the typology of various coastal critical infrastructure in Chonburi and Rayong prov-
inces.

3. To assess the risk of critical infrastructure from different hazards in the coastal areas.

2.3 Scope of the study

This special study focuses on risk indexing of critical infrastructure. The scope of the study is as
follows:

1. To study the historic hazard statistics and previous research.
2. To focus only on coastal district of Chonburi and Rayong provinces.

3. To provide hazard, exposure and risk maps by using QGIS and other software.

3. Methodology

Multi-hazard risk assessment of coastal critical infrastructure is an effort to identify key risks
of important infrastructure of a country that is prone to different hazards. The multi-hazard risk
assessment efforts for critical infrastructure involve identification of different hazards, exposure,
vulnerability and risk parameters. The risk assessment process for critical infrastructure quantifies
and locates the multi-hazard risk and facilitates integration of risk information in the decision-
making process for long-term development of the society and economy as a whole. Therefore,
multi-hazard risk can be read as the reflection of hazards posing risk to a certain area under
consideration. It is taken to determine the risk based on hazard and risk assessment. It takes into
account the hazard assessment index that focusses on multi-hazards which potentially impact the
most to EEC, particularly floodings, cyclones and coastal erosions. At the same time, the risk index
is developed by analysing the relationship between exposure index, sensitivity index and adaptive
capacity index in order to locate where the existing critical infrastructures are and assesses what
levels of the risk the EEC is prone to.

Selection of Chonburi and Rayong provinces as study areas

The study areas (Figure 1) are concentrated in coastal areas of Chonburi and Rayong provinces
and spread across eight districts: Muang Chon Buri, Si racha, Ko Sichang, Bang Lamung Sattahip
(Chonburi province), and BanChang, Muang Rayong, Klaeng (Rayong province). Chonburi and
Rayong are located in the country’s eastern Gulf of Thailand coast and have coastal distance of
225 km, accounting for 130 km and 95 km, respectively.

—
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Figure 1. Study area (eight districts of Chonburi and Rayong provinces)

Source: Project Team

Chonburi and Rayong are the main two provinces that will be the centre of gateway as per the
Thailand government plan. According to the information currently available, the coastal flood
hazard in the area is assessed as high. This suggests that the shoreline is likely to be flooded
by potentially damaging waves at least once in the next 10 years (ThinkHazard, 2020). Based on
this information, the risk of coastal flooding on any activity along the coast must be evaluated
at various stages of the project. As the result, it is crucial that the Thai government carefully
considers project planning decisions, project design and construction procedures while making
the EEC development plan strategy.
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Table 1. Area of coastal district and total coastal distance

Coastal Districts Coastal District Area Total Coastal
(km?) Distance (km)
130

Chonburi Mueang Chon Buri 228.791
Si Racha 616.434
Bang Lamung 469.021
Ko Sichang 17.239
Sattahip 333.422
Rayong Ban Chang 238.372 95
Muang Rayong 514.547
Klaeng 788.463

Source: e-report.energy.go.th

3.1 Methods and analysis

The approach and formula have been used to perform multi-hazard risk assessment of coastal
critical infrastructure, which is defined as the probability of harmful consequences or expected
losses resulting from interactions between multi-hazard and vulnerable conditions of critical
infrastructures. The study employs a relative risk assessment than an absolute risk assessment
method for critical infrastructure risk calculation. Risk assessment is performed for different
districts of two provinces: Chonburi and Rayong. It compares composite risk of districts within
these provinces.

Risk is considered as the product of probability of an event and its consequences. Further, risk is
the product of hazard and vulnerability, and inversely related to coping capacity, where vulnerability
comprise exposure and sensitivity (Rana and Routray, 2018)current focus is on risk assessment of
hazard-prone communities. Risk measurement is complex as scholars engaged in disaster science
and management use different quantitative models with diverse interpretations. This study tries
to provide clarity in conceptualizing disaster risk and proposes a risk assessment methodology
with constituent components such as hazard, vulnerability (exposure and sensitivity. The following
formula was used to determine risk index:

Ri=HiXVi

where R is Risk index, H. is hazard index and V. is vulnerability index

The indicators were based on polygons related to political-administrative areas, which are mostly
at the district level. Each indicator was processed, analysed and standardized according to its
contribution to hazard and vulnerability. The indicators were weighted using neutral to obtain the

—
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multi-hazard risk index map. The vulnerability assessment of coastal critical infrastructure was
considered further and the following formula was used.

E.X'i X Si
LAG
where V. is vulnerability index, Ex, is exposure index, S, is sensitivity index and AC, is adaptive
capacity index.

The coastal critical infrastructure vulnerability was computed based on coastal facilities
vulnerability of the U.S. National Park Service, adapted from IPCC (2001, 2007) and NPS (2022). It
provides a more holistic approach in computing vulnerability as it accounts for not only exposure
and sensitivity, but also adaptive capacity.

Xi - Xmin

Normalized Value = X X
max ~  “min

Moreover, in order to compare the variables for each indicator, a normalization formula was used.
A normalization approach with weighting was used as reflected by the normalized value formula
(Mullick et al., 2019)sea level rise, increased tropical cyclone occurrence etc. To understand the
problem followed by necessary coastal management recommendation, an integrated coastal
vulnerability index i.e., Composite Vulnerability Index (CVI. The values for each component were
combined to produce a composite map that exhibited the vulnerability for each district based on
the collective normalized data of all the variables and indicators used. The spatial distribution
mapping was done in QGIS3 using an administrative boundary map from ArcGIS Hub and a base
map from Google Earth. Figure 2 shows the detailed methodological approach adopted for this
study.

-
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Figure 2. Methodology of risk assessment of Chonburi and Rayong coastline

3.2 Data source

The data set used for the research involved secondary quantitative data with the sources identified
and provided from the Thailand government. These included census statistics (population, age, sex,
number of hospitals and medical personnel) and climatic data. Once indicators normalization is
utilized in the phase of data processing and analysis, maps of each component (exposure, sensitivity
and adaptive capacity) present the composite index map. After that a map of risk assessment is
presented, which leads to the development of a combination map of critical infrastructure risk.
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The rainfall data and occurrence frequency are presented as a variable of flood hazard indicator.
The occurrence frequency of cyclones is presented as a variable of cyclone hazard indicator and the
length and area of coastal erosion over the decade are presented as a variable of coastal erosion
hazard indicator. Along with population, age and sex stand for exposure component. Industrial
establishment and the number of employees will be calculated to see the sensitivity index because
the area of Chonburi and Rayong is a part of the EEC project and reflects the entire Thailand’s
economy. Lastly, adaptive capacity indicators consist of a number of hospitals and medical
personnel to see the capacity to tackle climatic hazards, as well as education indicators that allow
knowing the access to education for the local’'s awareness to hazard.

This study is based on secondary data, collected from multiple reliable sources. As shown in Table
2, indicators for the hazard component include flood hazard (return period from 2003 to 2015),
cyclone hazard (the number of occurrences by district recorded by the department of disaster
prevention and management of Chonburi and Rayong) and coastal erosion hazard (the length and
area of coastal erosion by district recorded by the department of marine and coastal resources).
The vulnerability component includes the exposure component and demography. The sensitivity
component is economic, presented by industrial establishment and number of employments.
Meanwhile, adaptive capacity is composed of the number of hospitals and medical personnel,
fire stations that work as response activities and engineering structure that aim against erosion.
Moreover, education is considered an indicator of adaptive capacity. This indicator is to view
people’s awareness. The greater the number of schools, the higher the awareness of hazards. All
these indicator descriptions and data sources are provided in Table 2.

/2
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Risk

Components

Hazard

/)

Cyclone
Hazard

Coastal
Erosion
Hazard

Variables

FloodHazard Total rainfall

Number of flood
occurrences

Number
of cyclone
occurrences

The ratio of
coastal erosion
by length

The ratio of
coastal erosion
by area

Table 2. Risk assessment indicators and variables

Description and

Justification

The maximum recorder precipitation
from 2003 to 2015. Higher amount
of rainfall means a greater possibility
of the hazard leading to higher
vulnerability.

The recorded number of flood
occurrences by districts during 2017-
20. It depicts the greater possibility
of flood hazard, which means higher
vulnerability.

The recorded number of cyclones
occurrences in 2017-20 by districts
depicts the greater possibility of
cyclone hazard, which means higher
vulnerability.

The recorded coastal erosion in
Chonburi and Rayong over decades.
The longer the length, the higher the
hazard.

The recorded coastal erosion in
Chonburi and Rayong over decades by
area. The greater the area, the higher
the hazard.

Multi-hazard Risk Indexing of Coastal Critical Infrastructure: A Case Study of Thailand

Spatial Scale | Time

mm

Number

Number

District ratio

District ratio

Scale

2008 -
2015

2017-
2020

2017-
2020

2020

2020

Data Source

Meteorological
Department,
Ministry of
Information and
Communication
Technology

Department of
Disaster Prevention
and Management,
Chonburi and
Rayong office

Department of
Disaster Prevention
and Management,
Chonburi and
Rayong office

Department of
Marine and Coastal
Resources

Department of
Marine and Coastal
Resources

Reference

Mandal and
Choudhury (2015),
Ali et al. (2019),
(Ghosh and Mistri
(2021)

(Rana & Routray,
2018)

Hoque et. al., 2019

Hoque et. al., 2019

Hoque et. al., 2019



Description and

Justification

Spatial Scale | Time

Scale

Data Source

Reference

Risk Variables
Components
Exposure Demography Population
Sex
Age Group
Sensitivity Economic Employment
Industrial

Establishment

Refers to the number of people
living within a specific unit of
measurement. The higher the
population density, the higher the
vulnerability.

Male and female refer ratio of number
of men and women in the area.

Children aged < 18 years
old and senior citizens

aged 19 - 100 years old

Number of employees

Number of established industries in
the area
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Person

Person

Person

Person

Place

2008-
20

2015

2015

2015

2015

Department

of Provincial
Administration,
Ministry of Interior

Department

of Provincial
Administration,
Ministry of Interior

Department

of Provincial
Administration,
Ministry of Interior

Chonburi and
Rayong Provincial
Industrial Office

Chonburi and
Rayong Provincial
Industrial Office

Ali et al. (2019),
Das et al. (2020)

Rufat et al. (2015),
Das et al. (2020)

Rufat et al. (2015),
Sahana and Sajjad
(2019)

Qasim et al. (2017)

Qasim et al. (2017)



Risk
Components

Variables

Description and

Justification

Spatial Scale | Time
Scale

Data Source

Reference

Adaptive
Capacity

Hospital
and Health
Centre

Education

Fire Stations

Engineered
Structures
for Coastal
Erosion

/x,

Number of
Hospitals and
Health Centres

Number
of Medical
Personnel

Number of
Student

Number of Fire
Station

Number of
Construction
Length

Refer to the capability to reduce loss
and mortality of climatic hazards. The
higher the number of hospitals, the
less the physical loss.

The ability to support a large number
of patients, the higher number of
medical personnel, the higher number
of thorough cares to patients.

Refers to accessibility to education
in the area. The higher the number
of student, the higher the population
awareness to climatic hazards.

Refers to capability to response to
emergency incidents. As fire fighting
personnel are trained to response
appropriately. The higher the number
of fire stations, the more the coping
capacity.

Chonburi and Rayong have been
exposed to coastal hazards over
long decades. They are protected
and readdressed by constructing
engineered structure. The more
the coverage, the more the rate of
adaptive capacity.
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Place

Person

Person
(student/total
population by
district)

Place

Length

2015

2015

2015

2020

2020

Chonburi and
Rayong Provincial
Health Office

Chonburi and
Rayong Provincial
Health Office

Educational Service,
Chonburi and
Rayong Provincial
Office of Local
Administration

Department of
Disaster Prevention
and Management,
Chonburi and
Rayong office

Department of
Marine and Coastal
Resources

Yoo et al. (2011),
Das et al. (2020)

Yoo et al. (2011),
Das et al. (2020)

(Fekete, 2011)



4. Results and Discussion

The multi-hazard risk assessment index will be discussed in this section.

4.1 Multi-hazard index

This study focuses on the three main hazards that affect the performance and serviceability of
critical infrastructure: floods, cyclones and coastal erosion. This is consistent with the Inform Risk
Index (Table 3) stats, where Thailand ranked 81st out of 191 countries at a high risk to natural
hazards by 2019. Further, it provides risk index for different hazards, vulnerability and coping
capacity at a scale of 0-10. Floods caused 58% of all disasters. Storms (29%) and droughts (37%)
are the other two major disasters that affect most people. On the other hand, earthquakes are
responsible for 65% of all deaths, owing to the tsunami triggered by the Sumatra Earthquake in
2004. Coastal erosion is yet another threat that severely damages coastal areas.

Table 3. The INFORM 2019 index for risk management for Thailand

Tropical Vulnerability | Lack of Coping Overall Rank
Cyclone (0-10) Capacity Inform Risk | (1-191)

(0-10) (0-10) Level
(0-10)

8.8 49 5.7 3.1 2.9 4.1 81

Flood hazard

Floods are by far the most common and damaging natural hazard in Thailand. The country ranks in
the top 10 flood-prone countries in the world. Flooding is triggered by heavy rains during the rainy
season, resulting in irregular riverbank overflow, flash floods in urban areas and landslides and
flash floods in mountain areas. Coastal communities are also more prone to be flooded when sea
levels rise (World Bank and ADB, 2021). Prolonged floods result in human and economic losses.
For instance, 13 million people were affected by the 2011 flood. The entire property loss was
estimated to be USS 46.5 billion in 2011, with the private sector accounting for almost 90% of the
total damage (Singkran, 2017). Furthermore, Thailand’s average yearly loss from floods is roughly
USS 2.6 billion, accounting for nearly all of the country’s disaster costs. As mentioned above,
floods have been affecting Thailand's economy regularly. Understanding flood risk would allow
sustainable development likelihood and land use in the floodplain, and will be helpful in preparing
certain measures or policies to manage future flood risks (Singkran, 2017).

Even though coastal floods occur owing to seasonal climate and location, Chonburi and Rayong
provinces are not particularly vulnerable to them. Chonburi and Rayong do not experience major
flooding. Generally, water was found on the road’s surface at a height of about 1 foot, and it took
not more than an hour for it to drain. This natural hazard occurs once a year, between November
and December, according to the area’s historical records. It causes traffic congestion and
inconvenience to local people, but does not result in any substantial infrastructural damage. As

-

26 / Multi-Hazard Risk Indexing of Coastal Critical Infrastructure: A Case Study of Thailand



per EM-DAT declared by Thailand government, floods have occurred only four times in the past 20
years (Table 4).

Table 4. Summary of flood occurrences in Chonburi and Rayong

Province Disaster Duration Total Death Total Total
Subtype (month) (no.) Affected Damages
(no.) (‘o00 US)
Chonburi 2006 Riverine 4 164 2,212,413 9,940
flood
2012 Riverine 2 - 235,545 N/A
flood
Rayong 2012 Riverine 2 = N/A N/A
flood
2021 Riverine 1 - 325,400 N/A
flood

Source: EM-DAT

As shown in Table 4, coastal flooding was not severe in these areas, but the riverine floods were
declared over 20 years’ time period. In 2006, a major flood affected more than 2,000,000 people
in the area, costing about USS 10 million in total damage. However, the coastline of Chonburi
and Rayong was very less damaged because not many main rivers, waterbodies and steams are
there. Additionally, the inner parts of Chonburi and Rayong was more impacted than its shoreline.
According to local interviews, coastal floodings are not severe but happen frequently. Sometimes
sea-level rise makes it difficult to drain the water into the sea, resulting in inundation period and
taking a longer time to be back to normal situation. Figure 3 shows the flood hazard map of
Chonburi and Rayong provinces.
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Flood Hazard Map

Data Source: DDPM Provincial office Chonburi & Ravong
Date of Creation: 16/5/2022
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Figure 3. Flood hazard map of the Chonburi and Rayong provinces
Source: Project Team

Furthermore, cyclones are usually a reason for flooding in Chonburi and Rayong. These two hazards
have compound effects on the areas and aggravate poor drainage system because of the location
morphology. Heavy rain and sea-level rise are the chief causes of the aforementioned problem.
Consequently, coastal critical infrastructures tend to be more affected due to massive inundation.

4.1.1 Cyclone hazard

Cyclone risk in Thailand is considered high, and cyclonic storms have wreaked havoc on the
country. Damages can occur not just as a result of wind, but also as a result of cyclone-induced
severe rainfall and consequent flooding and coastal floods in offshore areas (ThinkHazard, 2020).
In the last three decades, there have been approximately 30 storm occurrences all over the country,
which have killed 1696 people, impacted over 3.2 million people and resulted in a total economic
loss of USS 911 million. Meanwhile, Chonburi and Rayong provinces were impacted by only one
cyclone event in the past 30 years (EM-DAT). This proves that Chonburi and Rayong are not prone
to meteorological hazards, especially cyclones. Only small storms occur regularly, affecting the
marine sailing of fishing boats.

-
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Table 5. Summary of cyclone occurrences in Chonburi and Rayong

Disaster Duration | Total Death Total Total Damages
Subtype (days) (no.) Affected (‘000 US)
(no.)
Chonburi / 2015 Tropical 10 & N/A 561
Rayong cyclone

Source: Project Team

In September 2015, a tropical cyclone that weakened from the South China Sea passed into the Gulf
of Thailand. Even though the tropical cyclone did not cause a lot of casualty, there were damage due
to strong winds and storm that surged at about 1 m in height. Again, annual tropical cyclones are a
major cause of failure in fishing because the upper Gulf of Thailand is a habitat and an economically
valuable food and refuge for marine life. Figure 4 shows cyclone hazard map of study area.
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Figure 4. Cyclone hazard map of the Chonburi and Rayong provinces
Source: Project Team

Coastal Erosion
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When the net or relative rate of sea-level rise is considered, a combination of rising seas and falling
land, as well as probable cyclone-induced storm surge, place many cities along the coastline at
risk. Sea-level rise will also have an impact on sustainable land use for economic activities such
as tourism, import and export and commercial areas. The Thailand coastline stretches for 2815
km along the Gulf of Thailand and the Andaman Sea. Thailand’s total oceanic area is around
400,000 km? in 23 provinces (Paphavasit et al., n.d.). Sea-level rise poses a serious physical threat
to Thailand’s coastal zones, resulting in considerable land subsidence. In 2013, the Gulf of Thailand
experienced a modest sea-level rise, averaging 1.4-12.7 mm per year from 1985 to 2009, with land
subsidence around river mouths accounting for majority of this rise (World Bank, 2013).

A significant amount of critical infrastructure is cited in coastal places that will be exposed as
a result of global climatic events. By 2070—2100, up to 2.5 million people in Thailand could be
flooded as a result of rising sea levels. The government will have to invest in efficient adaptation
and balance trade-offs between physical infrastructures, including dykes, concrete blook or
seawalls, and nature-based measures, particularly mangrove forests. By doing this, the annual
casualty due to coastal hazards will steadily decrease (World Bank and ADB, 2021). The erosion
severity has been recorded as 1 m to 5 m per year, and it damaged more shoreline in Chonburi than
in Rayong, such as Banglamung municipal district, Sansuk municipality and Pattaya city. Rayong
city has more constructed barriers to restore beach nourishment, including offshore breakwaters
(Saengsupavanich, 2020). In 2017, there was a small erosion of about 0.40 km in the Chonburi
coastline while 3.7 km coastal erosion in Rayong, accounting for 0.16 km and 3.54 km in severe
erosion and moderate erosion, respectively (DMCR, 2017).

The erosion situation in Chonburi has improved in recent times because of several measures
taken by local administration. These include constructing 64 different coastal erosion prevention
structures, such as riprap, breakwater, bamboo embroidery. This is 65.96 km along the coastline.
On the other hand, 22 erosion prevention structures were built, representing 22.87 km along
the coastline of Rayong. However, there are issues that need to be considered, such as various
structures that invade the sea creating problems with coastal erosion or maintenance of bamboo
embroidery, and so on. Figure 5 shows the coastal erosion map of Chonburi and Rayong provinces.

—
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Coastal Erosion
Hazard Map

Data Source: DDPM Provincial office Chonburi & Rayong
Date of Creation: 16/5/2022
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Figure 5. Coastal erosion hazard map of Chonburi and Rayong provinces
Source: Project Team

4.1.2 Multi-hazard in EEC

Considering the sectoral hazard discussed above, a multi-hazard index has been created to
understand and find the hazard level of each district. This section discusses multiple hazards
considered for this study: flood, cyclone and coastal erosion. A composite multi-hazard risk index
is developed based on the hazard index developed in the previous sections. It was found that
Mueang Rayong and Kleang have the highest risk. This is because they are most exposed to floods,
storms and coastal erosion, while Sri Racha, Mueang Chonburi and Baan Chang have the least risk.
In this regard, the index was considered as detailed in Table 6 and multi-hazard map developed
based on these indices is depicted in Figure 6.
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Table 6. Multi-hazard index

Normalized | Normalized | Normalized Rainfall |Normalized | Hazard

Erosion Erosion Cyclone |Normalized Flood
Rate Length Occurrence Occurrence
Chonburi  Mueang 0.40 0.14 0.07 0.87 0.18 0.33
Chon Buri
Bang 1.00 0.13 0.07 0.39 0.00 0.32
Lamung
District
Si Racha 1.00 0.15 1.00 0.33 0.27 0.55
District
Ko Sichang 0.00 0.00 0.00 0.41 0.00 0.08
District
Sattahip 1.00 0.05 0.14 0.00 0.09 0.26
District
Rayong Mueang 0.34 1.00 0.71 1.00 1.00 0.81
Rayong
Ban Chang 0.31 0.17 0.71 1.00 0.27 0.49
Klaeng 0.33 0.34 0.71 1.00 1.00 0.68

Source: Project Team

Multi-hazard Map

Source: Department of Marine and Coastal Resources,
DDPM Office of Chonburi and Rayong

Date of Creation: 16/5/2022
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Figure 6. Multi-hazard map of the Chonburi and Rayong provinces
Source: Project Team
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Coastal Critical Infrastructure

Thailand is a Southeast Asian country bordered by the Andaman Sea and the Gulf of Thailand.
Its location is well situated to fulfil Asia’s financial, manufacturing, tourist and service demands.
Moreover, Thailand is suitable for producing a high degree of agricultural products and merchandise,
as well as inexpensive and educated workers. The manufacturing sector in Thailand is the second-
largest economy in ASEAN and has become the centre for regional supply chains. For instance, the
Laem Chabang Port is one of the largest shifting ports in Southeast Asia. The region also attracts
huge number of tourists (OBG, 2017).

4.1.3 Road and railway infrastructure in Chonburi and Rayong

Road and railway infrastructure are part of the transport infrastructure. Thailand has achieved the
necessary basic infrastructure in terms of well-connected road and highway networks across the
country. The government of Thailand has constructed 4150 km of toll-ways across the country,
linking the North—South and East-West economic corridors. Along the coastline of Chonburi, the
special highway number 7 (Bangkok—Ban Chang) and the national highway number 3 (Sukhumvit
road) are the main road networks. The special highway number 7 stretches for 125.865 km, while the
national highway number 3 runs from Bangkok through the Chonburi and Rayong coastline, that is
65.24 km and 63.38 km, respectively. On the other hand, the vast majority of roads in Chonburi and
Rayong are local highways, which branch off from special highway number 7 and national highway
number 3. Figure 7 shows the road and railways network in Chonburi and Rayong provinces.

Road and Railway

Infrastructure
Legend
[ Sty Area Ko Sicharig,
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—— Speacial Highway
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Figure 7. Road and railway infrastructure in Chonburi and Rayong provinces
Source: Project Team
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In terms of road quality, Thailand has improved road infrastructure. However the quality of rural
road remains in poor condition and needs to be developed. According to Thailand’s road statistics,
the country achieved 4.4 out of 7 in terms of road quality (Marcelo et al., 2020). Chonburi and
Rayong are known as industrial estate provinces, therefore the road transportation must be in good
condition. The majority of roads in the area are reinforced concrete due to huge transportations,
which has a useful life of approximately 25 years. Railway transportation in Chonburi and Rayong
rely on only one inter-city rail, called Eastern Coast Railway or Chachoengsao-Sattahip Railway. The
track is 269.38 km long and supports the transportation of goods from the Sattahip deep seaport,
Deep-Sea Port Laem Chabang Industrial Estate and the Deep-Sea Port of Map Ta Phut Industrial
Estate. Figure 8 shows field photographs of various roads typologies observed in Chonburi province.

Thanon Sukhumvit, Noen Phra, Mueang
W Lat 12.683081, Long 101.237379
§ 02/26/2022 12:01 PM

Sattahip, Chonburi, Thailand ' Mueang Rayong, Rayong, Thailand

Thanon Sukhumvit, Sattahip, Sattahip,
Lat 12.686399, Long 100.893081
02/26/2022 10:51 AM

Figure 8. Coastal Highway, Chonburi
Source: Project Team
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4.1.4 Seaport and airport infrastructure in Chonburi and Rayong

Laem Chabang Port is the main deep seaport for international cargo transportation. It is located in
the eastern part of Thailand. It has an area of 14 km?, divided into 10.145 km? (land area) and 3.857
km? (water area). The port consists of 7 container berths, 1 multipurpose berth, 1 roll-on roll-off
berth, 1 passenger berth, 1 general bulk cargo and 1 shipyard and repair. Laem Chabang Seaport
is a very important seaport because of its location. The port is prepared in terms of infrastructure
and modern facilities that meet international standards and can accept the largest cargo ship,
well-known as Post Panamax. Moreover, the attempt is to make it a world-class port, which will
lead to Laem Chabang becoming developed with more supporting areas and capacity, such as
truck terminals, free trade areas and Fire Damage Prevention Training Centre. Laem Chabang has
gone through two stages of development and the third phase of Laem Chabang’s development is
expected to boost the facility’s capacity to a maximum of 18 million TEUs. The expansion is part
of the government’s plan to reduce the country’s logistic costs by 20% by 2020. According to the
port statistics, Laem Chabang Seaport handles up to 11.8 million TEU per year, representing 54%
of Thailand’s overall exports and imports. The number of containers (TEU) and product volume (in
tonnes) have increased from 2013 to 2020, before dropping in 2021 due to COVID-19 outbreak. This
reflected that Laem Chabang Seaport is a critical infrastructure to the country. Figure 9 shows the
field photographs of Laem Chabang port of Thailand situated in the Chonburi province.

Si Racha, Chonburi, Thailand
Thung Sukhla, Si Racha, 20230,

Lat 13.073272, Long 100.908688
02/27/202212:31 PM

Figure 9. Laem Chabang Port

Source: Project Team)

Map Ta Phut port is part of Map Ta Phut Industrial Estate. The main duty of Map Ta Phut port
is to support the logistics of natural gas loading and unloading and liquid raw materials for the
petrochemical industry. The port’s capacity is 16 million tonne a year of unloading natural gas and
liquid products. This makes Map Ta Phut Industrial Port the largest industrial port in Thailand.
Similar to Laem Chabang, the expansion of Map Ta Phut in Phase 3 with 1.6 km?, classified as
improvement of infrastructure and port construction, allows for an increased capacity of up to 31
million tonne a year.

U-Tapao Airport is an international airport, located in Ban Chang district, Rayong province. U-Tapao
is the main commercial airline in the Eastern part of Thailand. With 3500 m long standard runway,
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which is 60 m wide, it is able to accommodate 52 aircraft landing holes. If the runway is used to
its full potential, it will accommodate 20 million passengers per year. Currently, only passenger
Terminal 1 accommodates both domestic and international passengers. It receives about 700,000
people per year. Approximately 3 million passengers can be received if both Terminals 1 and 2 are
enabled. From 2016 to 2021, there were about 1.5 million passengers per year.

4.1.5 Hospital and health centre

Government hospitals, private hospitals, health-promoting hospitals and clinics were categorized
in Chonburi and Rayong provinces. Being a bigger province, Chonburi has more health centres that
Rayong. There are 13 government hospitals, 11 private hospitals, 49 health-promoting hospitals
and 747 clinics in Chonburi, while Rayong has 4 government hospitals, 4 private hospitals, 52
health-promoting hospitals and 223 clinics. This significantly reflects that Chonburi has a higher
medical capacity to handle coastal hazards than Rayong. Table 7 list the number of government
and private hospitals in Chonburi and Rayong provinces.

Table 7. Summary of hospital types in Chonburi and Rayong

Government Private Health- Clinics
Hospitals Hospitals promoting
Hospitals
Chonburi Mueang Chonburi 5 4 17 264
Bang Lamung 2 3 14 265
Si Racha 2 4 12 182
Ko Sichang 1 = - -
Sattahip 3 - 6 36
Total 13 11 49 747
Rayong Mueang Rayong 2 4 20 150
Ban Chang 1 0 9 21
Klaeng 1 0 23 52
Total 4 4 52 223

Source: Government of Thailand

Although there are 283 hospitals, health centres and clinics in the coastal areas of Chonburi and
Rayong provinces, they are not up to the standard in terms of disaster preparedness. Inadequacy
in supplies and equipment are found to be in place, and many of them lack implementation to meet
the set standards (Rattanakanlaya et al., 2016). In addition, the scarcity of hospitals and medical
equipment on islands, particularly Ko Sichang, led to the construction berth in order to reduce the

—
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transferring time of patients to a bigger hospital. Figure 10 shows location of hospitals and health

centres in Chonburi and Rayong provinces.
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Figure 10. Location of Hospitals and Health Centres in Chonburi and Rayong Province

Source: Project Team

4.2 Vulnerability Index

The Vulnerability Index is determined by three components: Exposure Index, Sensitivity Index,
and Adaptive Capacity Index, which are discussed in detail in the next paragraphs. Table 8 shows
components of vulnerability comprising hazard, sensitivity and adaptive capacity indices calculated

for vulnerability index for different districts of Chonburi and Rayong provinces.
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Table 8. Vulnerability index

Hazard |Sensitivity |Adaptive Capacity| Vulnerability
INDEX INDEX INDEX Index

Chonburi  Mueang Chon Buri

Bang Lamung District 0.32 0.26 0.54 0.23
Si Racha District 0.55 0.85 0.44 1.16
Ko Sichang District 0.08 0.33 0.00 0.00
Sattahip District 0.26 0.03 0.25 0.07
Rayong Mueang Rayong 0.81 0.38 0.62 0.48
Ban Chang 0.49 0.35 0.16 1.05
Klaeng 0.68 0.18 0.39 0.14

Source: Project Team

4.3 Exposure index

According to the calculation of exposure index, all the three components index are represented in
Table 9, which focuses on population, age and gender of EEC residents according to the population
register.

Table 9.Exposure Index

Population Exposure
Normalized | Normalized | Normalized INDEX
Mean
Mueang Chon Buri 0.92 0.54 0.28 0.58
Bang Lamung District 0.87 0.56 0.00 0.48
Chonburi Si Racha District 0.84 0.64 0.33 0.60
Ko Sichang District 0.00 0.00 0.44 0.15
Sattahip District 0.43 0.22 1.00 0.55
Mueang Rayong 1.00 1.00 0.36 0.79
Rayong Ban Chang 0.25 0.72 0.48 0.48
Klaeng 0.49 0.16 0.26 0.30

Source: Project Team

—
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Figure 11 illustrates information about the exposure level of the coastal area of Chonburi and
Rayong. To analyse the exposure level, population, gender and age were used as demographic
indicators. Generally, there were distributions of the exposure level and both the provinces showed
various levels of exposure. According to Figure 13, Si Racha (Chonburi) and Muang Rayong (Rayong)
were in class 5, that is very high exposure, while Ko Sichang and Klaeng had low exposure.
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Figure 11. Exposure map
Source: Project Team

4.4 Sensitivity index

According to the calculation of sensitivity index, all three components index are represented in
Table 10, which focuses on the number of employees, industrial establishment and poverty of EEC
residents according Chonburi and Rayong reported statistics.
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Table 10. Sensitivity index

Employees Industrial Poverty Sensitivity
Normalized | Establishment | normalized INDEX
normalized
Mueang Chon Buri 0.87 0.92 0.48 0.76
Bang Lamung District 0.10 0.23 0.46 0.26
Chonburi Si Racha District 1.00 1.00 0.54 0.85
Ko Sichang District 0.00 0.00 1.00 0.33
Sattahip District 0.03 0.06 0.00 0.03
Mueang Rayong 0.47 0.46 0.20 0.38
Rayong Ban Chang 0.61 0.35 0.08 0.35
Klaeng 0.14 0.20 0.21 0.18

Source: Project Team

Sensitivity Map
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Figure 12. Sensitivity map
Source: Project Team

Figure 12 presents the sensitivity of Chonburi and Rayong by districts. From the figure it can be
clearly seen that Muang Chonburi and Si Racha (Chonburi) had the highest sensitivity because
in the area Laem Chabang is a very important seaport to Thailand's economy. Moreover, Muang
Rayong (Rayong) reflected high sensitivity in terms of existing critical infrastructure, particularly
U-Tapao airport and Map Taphut seaport.

—
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4.5 Adaptive capacity index

According to the calculation of adaptive capacity index, all six components index are represented
in Table 11, which focusses on the number of school and students, hospital and medical personnel,
fire station and engineered structure construction for reducing the impact of coastal erosion.

Table 11. Adaptive Capacity Index

Hospital Medical |Normalized |Fire Station| Normalized| AC
Normalized |[Normalized| Personnel Student |Normalized | Engineering| INDEX

Normalized Structure
Mueang
Chon 0.02 1.00 0.65 0.86 1.00 0.46 0.67
Buri
Bang
Lamung 0.00 0.98 0.18 0.74 0.33 1.00 0.54
District
Chonburi  sjRach
'Racha - o7 0.69 0.10 0.91 0.58 0.27 0.44
District
Ko
Sichang 0.00 0.00 0.00 0.00 0.00 0.00 0.00
District
Sattahi
atanP 4 o3 0.15 0.07 0.46 0.58 0.18 0.25
District
Mueang
0.14 0.61 1.00 1.00 0.75 0.22 0.62
Rayong
Rayong Ban
0.06 0.10 0.05 0.20 0.17 0.37 0.16
Chang
Klaeng 1.00 0.26 0.11 0.39 0.42 0.15 0.39

Source: Project Team

The adaptive capacity provides information about how each district adjusts itself to be more
resilient to climatic hazards by analysing accessibility to education and health centre statistics.
Undoubtedly districts that have a seaport and airport tend to have moderate to very high adaptive
capacity, while Ko Sichang (Chonburi) and Ban Chang (Rayong) showed the least adaptive capacity.
Figure 13 shows the adaptive capacity of Chonburi and Rayong provinces.

—
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Adaptive Capacity Map

Data Source: Office of the Basic Education comission,
Ministry of Public Health
Date of Creation: 16/5/2022
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Figure 13. Adaptive capacity map
Source: Project Team

4.6 Riskindex

The risk index is determined by two components: Hazard Index and Vulnerability Index, which are
represented in Table 12.

Table 12. Risk index

Hazard INDEX Vulnerability Risk Index
Index (H*V)
(Ex*S/AC)
Bang Lamung District 0.32 0.23 0.07
Si Racha District 0.55 1.16 0.64
Ko Sichang District 0.08 0.00 0.00
Sattahip District 0.26 0.07 0.02
Rayong Mueang Rayong 0.81 0.48 0.39
Ban Chang 0.49 1.05 0.52
Klaeng 0.68 0.14 0.10

Source: Project Team

—
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4.6.1 Flood risk index

Figure 14 presents the flood risk of Chonburi and Rayong by districts. From the figure it can be
clearly seen that Muang Rayong and Ban Chang (Rayong) were the highest risk as the locations are
home to U-Tapao airport and Map Taphut seaport, which are very important to Thailand’s economy.
Muang Rayong and Ban Chang experience high frequency of flood occurrences compared to the
rest of the region. Muang Chonburi and Si Racha (Chonburi) and Klaeng (Rayong) reflect moderate
risk, respectively.

N

A

Flood Risk Map

Data Source: DDPM Provincial office Chonburi & Rayong
Date of Creation: 16/5/2022
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Figure 14. Flood risk map
Source: Project Team

Cyclone risk index

Figure 15 presents the cyclone risk of Chonburi and Rayong by districts. Si Racha (Chonburi) and Ban
Chang (Rayong) have the highest risk as they are the biggest critical infrastructure agglomeration.
At the same time, they also experience high frequency of cyclone occurrences compared to the
rest of the region. Muang Rayong (Rayong) is high risk region and Muang Chonburi (Chonburi) and
Klaeng (Rayong) are moderate risk regions, respectively.
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Cyclone Risk Map

Data Source: DDPM Provincial office Chonburt & Rayong
Date of Creation: 16/5/2022
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Figure 15. Cyclone risk map
Source: Project Team

Coastal erosion risk index

The coastal erosion risk map presents (Figure 16) the risk of Chonburi and Rayong by districts.
It is seen that Si Racha (Chonburi) and Muang Rayong (Rayong) were the highest risk as they
have the biggest agglomeration of population, economic activities and most importantly home to
expensive national-wise infrastructure. Moreover, they were reported as the high affected area of
coastal erosion. Ban Chang (Rayong) reflected high risk and Muang Chonburi and Bang Lamung

(Chonburi) were of moderate risk.

M
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Figure 16. Coastal erosion risk map
Source: Project Team

4.6.2 Multi-hazard risk index

The multi-hazard risk map (Figure 17) presents the total risk of Chonburi and Rayong by districts. Si
Racha (Chonburi) and Ban Chang (Rayong) are the highest risk whereas Muang Rayong (Rayong) is
high risk and Muang Chonburi and Klaeng (Rayong) are moderate risk, respectively.
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Multi-hazard Risk

Map

Data Source: DDPM Provincial office Chonburi & Rayong,
DDPM Provincial Office of Chonburi & Rayong
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Figure 17. Multi-hazard risk map
Source: Project Team

4.6.3 Multi-hazard and coastal Critical infrastructure risk

Figure 20 illustrates information about the location of critical infrastructures that are in place of
different multi-hazard risk levels. It is clear from the map that Ta Phut Port and Laem Chabang Port
are situated at very high- and high-risk levels, respectively. Similarly, U-Tapao Airport is operated
at a very high-risk level. This reflects that Si Racha (Chonburi) and Ban Chang (Rayong) need to
reduce their vulnerability by improving or providing stronger adaptive capacity in order to tackle

climatic hazards and support the functioning of these critical infrastructures.

Some districts of Chonburi and Rayong do not have adequate healthcare centres. For instance,
Ban Chang and Muang Rayong lack hospitals and health-promoting centres, compared to other
districts, especially Klaeng. This leads to difficulty for the locals to access healthcare. However,
the catchment area or service radius should be considered in order to reflect the current situation

in an appropriate way.

—
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Multi-hazard Risk and Coastal
Critical Infrastructure
Combination Map

Source: Department of Marine and Coastal Resources,
DDPM Office of Chonburi and Rayong
Date of Creation: 16/5/2022
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Figure 18. Multi-hazard risk and coastal critical infrastructure map
Source: Project Team

Coastal Critical Infrastructure Risk Assessment
Matrix (CCIRAM) Toolkit

4.7 Features of the CCIRAM toolkit

Several recent events have highlighted the potential catastrophic impact on critical infrastructure
induced by natural hazards that pose serious consequences from health impacts, environmental
degradation to economic loss due to damage to assets and business interruption. Multi-hazard
risk assessment of coastal critical infrastructure is an effort to identify key risks of important
infrastructure of a country that is prone to different hazards. The multi-hazard risk assessment
efforts for critical infrastructure involve identification of different hazards, exposure and vulnerability
parameters.

The proposed toolkit will provide first-hand assessment of the risk of vital critical infrastructure
from natural hazards. This simple yet sophisticated toolkit uses questionnaire to screen and
assess risks of the infrastructure facility. The result obtained from facility risk assessment is used
in comprehensive risk assessment of the area. The toolkit provides ease in data collection, data
analysis and a source for comprehensive risk assessment.
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4.8 Existing Risk Assessment Toolkits

Efforts have been made to develop multi-hazard risk assessment tools for various sectors. A
number of multi-hazards risk assessment tools are available in the literature and also adopted for
practical usage. Some of the important risk assessment toolkits considered for detailed review in
this study are listed here.

4.8.1 RAIN—Risk Analysis of Infrastructure Networks in response to extreme
weather

RAIN is a risk management framework that considers impact of extreme weather events on critical
infrastructure in Europe. It also provides a number of mitigation tools to enhance the resilience of
infrastructure network. The risk assessment process of the framework involves hazard identification
and system vulnerability assessment by assessing frequency of weather hazards. Identification of
extreme weather events is analysed by defining appropriate intensity thresholds and by taking into
account regional differences in vulnerability and climate. Further, it considers risk assessment and
mitigation measures for transportation, energy and telecom sectors. Analysis of transportation
sector vulnerability identifies critical transport infrastructure, its failure and protection measures.
Risk of energy and telecommunication sectors are assessed by analysing failure case studies,
protection measures and its effect on the society.

4.8.2 INFRARISK

INFRARISK is a framework that analyses risk to critical road and rail infrastructure networks due
to extreme natural hazard events in Europe. The framework considers spatial-temporal processes
associated with multi-hazard and cascading extreme events and their impacts on transportation
infrastructure. It also analyses response of networks to extreme hazard events for critical transport
infrastructure and provides an online decision support tool for decision-making approaches for
better protection of transportation infrastructure.

The framework assesses the risk from flood considering the potential for bridge-scour, road
inundation and track blockages due to rainfall-triggered landslides. A qualitative risk assessment
was performed through Objective Ranking Tool method for determining the rail sections along the
network where risk was the most substantial.

Vulnerability of road network was considered based on the seismic vulnerability of road-bridges
and tunnels, and vulnerability of road sections to earthquake-triggered landslides. The landslide
triggered by earthquake was assessed as per the determined values of landslide yield acceleration
for the region.

4.8.3 STREST—Harmonized approach to stress tests for critical infrastructures
against natural hazards

The STREST is a framework to test stress of non-nuclear critical infrastructures in Europe. The
framework assesses risk and resilience of low-probability high-consequence extreme events for six

—
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critical infrastructures (Clarke and Obrien, 2016). The STREST framework designs scenario-based
models for hazard, risk and resilience assessment of extreme events with a focus on earthquakes,
tsunamis, geotechnical effects and floods. Further, STREST framework tries to improve the
resilience of critical infrastructures against low-probability high-consequence natural hazards, in
support of the implementation of the European policies for disaster-risk reduction and protection
of critical infrastructures.

4.9 Framework for CCIRAM toolkit development

Meyer et al. (2013) has given a detailed review of the risk assessment from natural hazards-
affecting infrastructure. There are several ways to classify levels and scopes for risk assessment
of infrastructure. Bouchon (2006) divided this into three levels:

() Level of the infrastructure (component level and network level)
(i) Level of the interdependent infrastructures

(iii) Level of dependent territorial, socio-economic, politically dependent sub-systems

The toolkit uses Bouchon classification and level (i) and level (iii) in risk assessment. The toolkit
uses an indicator-based approach to assess critical infrastructure risk. The risk assessment is
performed in three steps. First step involves assessment of screening and risk of the infrastructure
facility. Second step involves detailed and comprehensive risk assessment of the area where facility
is located considering different aspects of hazard, exposure and vulnerability. Third step involves
assessing risk through indicators. The methodology framework involves the following major steps:

a) Step 1: Defining context and scope of CCIRAM

There are very limited efforts and resources available in the area of critical infrastructure risk
assessment and resilience building measures for Thailand. At the beginning, it is important to
define the context and scope of the framework. The framework covers key critical infrastructures,
namely transportation, seaport, education, and health as well as some of the pressing hazards of
Thailand. A detailed literature review was performed to review some of the best suited approaches
and toolkits for critical infrastructure risk assessment. A summary of review approaches is
discussed in Section 3.2.

b) Step 2: Criticality assessment

Criticality is the overall importance of an asset or system. Criticality can be assessed in two ways:
i) Criticality screening: To identify the most critical facilities or components within a system.

ii) Criticality assessment: To quantify or assess criticality of an individual facility, in order to
determine potential consequences of disruption.

This framework focuses on the criticality assessment. The criticality assessment is further
integrated in the comprehensive multi-hazard risk indexing. The toolkit summarizes a set of
criticality indicators for initial screening of infrastructure to be considered as critical. All the
indicators are categorized into four categories: facility operations, economic contributions, health
or safety implications of facility and interconnectivity. Table 13 shows the list of category-wise
criticality criteria considered for the study.
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Table 13. Criticality criteria for assessment

Volume of passengers (daily, monthly or annual)
Facility operations Number of movements (daily, monthly or annual)
Value of cargo transported
Economic contributions People employed at the facility
Contribution of facility to GDP
Health/safety implications of Whether facility is necessary for emergency management
facility Whether facility is necessary for access to hospital or healthcare
Whether facility provides access to economic centres
Whether facility provides access to other modes of transport
Interconnectivity Whether facility provides access to employment centres
Whether facility is necessary for roads to operate
Whether facility is necessary to provide fuel supplies
Whether facility is necessary for power systems to operate
Whether facility is necessary for communications systems to operate
Whether facility is necessary to maintain access to water supplies
Whether facility is necessary to maintain access to food supplies

Whether facility is necessary to maintain access to basic goods

Whether facility is necessary to maintain operations of waste services

Source: U.S. DOT (2014) and Cox et. al. (2013)

c) Step 3: Assessing risk through indicators

The indicators selected for the exercise are most important for the scope, and it is based on
generic indicators from the literature. The indicators are relevant for assessing the exposure and
vulnerability levels and for the resulting risk level. Risk indictor identification involves physical and
socio-economic indicator identification.

The vulnerability assessment is performed through indicator-based approach. The indicators are
grouped into physical vulnerability indicators and socio-economic vulnerability indicators. Three
indicators have been selected for both physical and socio-economic vulnerability. Tables 14 and 15
show the physical and socio-economic indicators selected for the toolkit.

—
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Table 14. Physical vulnerability indicators and their ranking score

Physical Vulnerability
Indicator

Robustness and buffer
capacity

Level of protection
(including physical
mitigation measures and
exposure)

Quality level/age/level of
maintenance and

Criteria for Choice of Score Value (1-5)

The infrastructure is robust towards the natural event and/
or could withstand the natural event for a duration more
than two times the median duration of the natural event.

The infrastructure is quite robust towards the natural event
and/or could withstand the natural event for 1-2 times the
median duration of the natural event.

The infrastructure could withstand the natural event if the
intensity is low—medium and/or the duration is 0.5—1 time
the median duration of the natural event.

The infrastructure could only withstand the natural event if
the intensity is low and the duration is less than 0.5 times
the median duration of the natural event.

The infrastructure is fragile to natural event.

Infrastructure is not exposed to, or well protected from, the
natural event. It is well adapted both to the current and to
the future climate.

Infrastructure has a low exposure to or protected from the
natural event in the study. Well adapted to current climate
and partially adapted to future climate.

Partially protected from the natural event in the study. Well
adapted to current climate, but not to future climate.

To a large extent, exposed to the natural event and
insufficiently adapted to current climate.

To a large extent, exposed to the natural event and
infrastructure is not adapted to current climate.

Well maintained or age is <15% of expected lifetime.

Generally, well maintained or age is 15-30% of expected
lifetime.

Some planning of renewal and maintenance.

Scarce planning of renewal and maintenance. Shortage of
resources.

Corrective maintenance only and ageing infrastructure.

Source: Norwegian Directorate for Civil Protection (DSB, 2014)

Score Value

—
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Table 15. Socio-economic vulnerability indicators and their ranking score

Socio-economic Criteria for Choice of Score Value (1-5)

Vulnerability Indicator
There are adequate alternatives or back-up systems for the 1

infrastructure with sufficient capacity.

There are alternatives or back-up systems for the infrastructure, 2
which implies a few disadvantages for the users.

There are alternatives or back-up systems for the infrastructure, 3
Redundancy/substitutes but with limited capacity or which implies disadvantages for

the users.

There exist alternatives, but with low (insufficient) capacity or 4

which imply major disadvantages to the users.

There are no back-up systems or practical alternatives. 5

The exposed infrastructure is of negligible importance for 1
societal functions, with no potential cascading effects.

The exposed infrastructure has little importance for societal 2
functions, with potentially small cascading effects.

The exposed infrastructure has moderate importance for 3
Cascading  effects and Societal functions, with potentially moderate cascading

dependencies effects.

The exposed infrastructure has considerable importance for 4
societal functions, with potentially considerable cascading
effects.

Important societal functions depend on the exposed 5

infrastructure. Malfunctioning of the infrastructure would
potentially have large cascading effects.

Very high-risk awareness regarding the natural event, exhaustive 1
emergency response plans are available and frequent targeted

drills.

High risk awareness regarding the natural event, emergency 2

response plans are available and targeted drills are performed.

Some risk awareness regarding the natural event and simple 3

Preparedness i
emergency response plans are available.

Low risk awareness and insufficient emergency response 4
plans.

Lack of risk awareness and knowledge about the natural event, 5
with no explicit emergency response plans.

Source: Norwegian Directorate for Civil Protection (DSB, 2014)

—
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4.10 Site Selection and interview with the stakeholders for testing
of the CCIRAM toolkit

Site visits at affected facilities and interview with facility managers and other stakeholders to test
the toolkit are important parts of this development. Site visits can allow visual understanding of
site conditions and potential vulnerabilities, and provide an opportunity to gather information about
the facility from those who know it best. One infrastructure facility under each category is selected
for site visit and interview.

4.11 Toolkit data analysis

The method adopted for data analysis involves risk identification and risk assessment. A semi-
quantitative analysis to rank the risk, i.e., screening of the scenarios of hazards threatening the
infrastructures with their probability of occurrence is performed. Table 16 shows the category of
hazard occurrence assessment.

Table 16. Categorization of the probability of occurrence of hazards

Category Frequency of Natural Event Annual Probability of Weightage
Natural Event

Higher than once every 10th year >10%
D Once per 10-50 years =2,<10% 4
C Once per 50-100 years =1,<2% 3
B Once per 100-1000 years =0.1,<1% 2
A Lower than once per 1000 years <0.1% 1

Source: Norwegian Directorate for Civil Protection (DSB, 2014)

Table 17. Categorization of consequence based on the number of
infrastructure users and duration of the outage

No. of Infrastructure Users/ <50 Persons 50-199 200-999 21000

Duration of the Outage/ Persons Persons Persons
Infrastructure Loss

>7 days 3 4 5 5
>2 days, <7 days 2 3 4 5
>1 day, <2 days 1 2 3 4
<1 day 1 1 2 3

Source: Norwegian Directorate for Civil Protection (DSB, 2014)
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4.12 Risk categorization based on hazard and vulnerability
assessment

The probability ranking of hazards is carried out into one of five. The categories range from an
annual probability lower than 0.1% to an annual probability higher than 10%. Further, each of the
vulnerability indicators are assigned an integer score value on the scale 1-5, with 1 meaning the
lowest vulnerability and 5 meaning the highest vulnerability. Second, estimation of one aggregated
physical vulnerability score and one aggregated socio-economic vulnerability score are assessed.

5. Enablers and Barriers

There are several enablers for this research. One of the main enablers of this research is the
availability and access of open data-source. As COVID-19 pandemic continued to delay the process
of field visits and primary data collection, research methodology modified to adopt secondary
data sources. Secondary data sources especially open data sources became a key enabler in the
research. Hazard and infrastructure information were obtained from secondary and open data
sources.

COVID-19 situation was a continued barrier in this research especially in the first and second
quarters of the research. The situation hindered field visit and face-to-face interactions among
stakeholders. However, as COVID-19 situation started to ease out in Quarter 3 and Quarter 4, field
visit for data collection and interaction with stakeholders were made possible.

6. Conclusion and Way Forward

Based on the results, it is true that there is higher risk for areas that have experienced more rainfall in
a season. Furthermore, the exposure and sensitivity proved to increase the vulnerability that further
led to higher risk as well. In the results of this study, it shows that the adaptive capacity has greatly
affected the risk levels of each district. By identifying the high risk and low risk districts, a more
efficient and effective resource allocation can be done among the districts. Critical infrastructure
can be better built-in districts where high risk is present. Likewise, the adaptive capacity can be
better improved in these districts. Furthermore, the Thailand government is investing and setting up
the EEC project in Chonburi and Rayong, acknowledging risk of the coastal areas. For a worthwhile
investment, vulnerability assessment and risk assessment need to be done.

Coastal Critical Infrastructure Risk Assessment Matrix (CCIRAM) is a powerful tool that can identify
the highest risk areas and districts that have the highest potential of losses. In this study, Si Racha
and Ban Chang have the highest vulnerability level. Being an industrial province, they have major
exposure in terms of population density. However, Ko Sichang as an island has low risk because
of low population density, which leads to low exposure. Similarly, Klaeng has a low vulnerability as
a big city in Rayong but the district itself has less exposure in terms of population, age, sex and
hazards, but high adaptive capacity.

The current baseline research could be used as a starting point for a more detailed area- specific
risk assessment with the interactive dashboard with simulated data for future climate scenario. The

—
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indicator list for the Coastal Critical Infrastructure Risk Assessment (CCIRA) can be standardized
as CDRI assessment tools after validation with other coastal infrastructures. The study broadly
proposed the following future research directions in line with the targets of CDRI in the region:

1)

2)

3)

4)

5)

Scaling up of the current CCIRAM through digital and special techniques. Interactive and
near-real time dashboard can be created for the coastal critical infrastructure monitoring
and decision-making.

Comprehensive digital database for coastal critical infrastructures can be developed keep-
ing in mind the “Systemic Risk Assessment” for climate hazards.

Assessment of “Cascading impacts of climate hazards on coastal infrastructures” for
resilience building and sustainable development.

Policy analysis for coastal critical infrastructure development and achieving sustainable
development goals.

Coastal infrastructure development, livelihoods and vulnerability nexus and resilience
pathways.
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Abstract

Plan integration is currently performed manually and it is met with several challenges, obstacles,
and inconsistencies, and the current way is often ineffective. The problem that arises is that hazard
mitigation is often forgotten about during other community planning initiatives, resulting in a lack
of integration of hazard mitigation and risk reduction principles into other important planning
initiatives. This research project aims to reduce these problems by employing Artificial Intelligence
(Al) and Machine Learning (ML) for the automated integrated planning of hazard mitigation
principles. Our team built an automated Al application that utilizes the concept of ML to reduce
the current challenges associated with manually performing plan integration, and to provide
an automated platform to for communities to integrate hazard mitigation principles into other
community planning initiatives and documents. Application development is completed through a
two-phase process: Phase 1: Build the Brain and Phase 2: Process the Plans. Ultimately, this project
strengthens the resilience of policy and governance infrastructure by providing a central online
location to view potential gaps in planning initiatives, for intergovernmental coordination and for
identifying recommendations to fill gaps and challenges. The end product is a new automated Al
application that will help align existing plans, goals, visions, policies, actions and help increase
hazard mitigation and coordination and communications during hazard events.

Integrating Plans and Strengthening Communications Through Artificial Intelligence and Machine Learning 7 63 /



Acknowledgements

This Research Project and Report was prepared under the guidance of the Coalition for Disaster
Resilient Infrastructure (CDRI), the CDRI Fellowship Team, and TEG members. The project was
overseen by our mentor Mr Pat Pathade, of Fantail Technologies, LLC.

Funding

This research was supported by the 2021-2022 Fellowship of the Coalition for Disaster
Resilient Infrastructure (CDRI), Application ID: --210116459.

/e

/ Integrating Plans and Strengthening Communications Through Artificial Intelligence and Machine Learning



1. Introduction

Natural disasters have been increasing in frequency and magnitude throughout the world in recent
years, and hence there is an ever-growing need to integrate hazard mitigation and risk reduction
principles into plans and policies, both at the local level and into the wide array of local community
planning initiatives. While many planning documents may have been written within a jurisdictional
planning framework, it has been observed that possible contradictions or gaps exist between them
regarding hazard mitigation and other emergency management functions.

vMoreover, doing a plan review and integrating these plans manually is a challenge because of
many issues, obstacles and inconsistencies in relation to a large number of planning documents,
inadequate manpower to perform the task and varying plan update schedules. Additionally, a
single department or agency is not designated responsible for developing all the plans. Different
departments are tasked with developing the plans in which they are the experts. Different plans
also mean different update and maintenance cycles, making the manual integration task a never-
ending process. Currently, the manner in which a manual plan integration is performed, it is nearly
impossible that all the plans are aligned and have no inconsistencies, gaps or errors.

An additional problem that arises within the manual plan integration process is that hazard
mitigation is often forgotten about during other community planning initiatives. This results in a
lack of integration of hazard mitigation and risk reduction principles into other important planning
initiatives. For example, during a master planning development project, developers often take into
account other community planning aspects, such as transportation, land use, housing, natural
resources, etc. The master plan will likely and inevitably include hazard mitigation/public safety-
related factors, but often times, not derived from the actual hazard mitigation plan.

o
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The primary objective of this research, through the Coalition for Disaster Resilient Infrastructure
2020 Fellowship programme, is to explore the use of technologies such as ML and Al within the
framework of integrated planning of hazard mitigation and risk reduction principles, and how these
principles can be more effectively integrated into existing jurisd ictional planning frameworks and
documents through automation.

1.1 Plan integration

1.1.1 What is Plan Review? Why do Plans Need to be Integrated?

Hazard
Mitigation

Existing
Planning

Community
Resilience

Figure 1. Plan Integration Process Model

Plan review and integration is the process by which communities look critically at their existing planning
framework and align efforts, including goals, objectives, policies, and projects, with the goal of building
a safer, smarter and more resilient community.” Plan review and plan integration is a two-way exchange
of information?, and for the purposes of this project, we have incorporated concepts from hazard
mitigation plans (state and local) and other community plans. For example, a comprehensive plan, an
emergency operations plan and/or local zoning ordinance as illustrated in Figure 1.

The overall goal of plan review and integration is to effectively link plans and policies across
disciplines and agencies within a community by considering the potential of hazards as one of
the key factors in future development of the community. There are three primary objectives to
plan integration: the first of which is to integrate hazard mitigation principles into all community
planning initiatives. The second objective of plan integration is to better define roles of and improve
interdepartmental coordination among community planners, emergency managers and risk
reduction specialists, engineers, local stakeholders and organizations, other local governmental
staff and regional partners in improving disaster resiliency. An additional objective of plan
integration is to develop harmony between the hazard mitigation plan and other local planning
mechanisms by identifying gaps and inconsistencies between policies, plans and ordinances.

T https://www.fema.gov/sites/default/files/2020-06/fema-plan-integration_7-1-2015.pdf
2 https://www.fema.gov/sites/default/files/2020-06/fema-plan-integration_7-1-2015.pdf
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Within the field of emergency management, there are examples of different types of plans that
contain emergency-related information and direction (Table 1).

Table 1: Plan Types

Plan Title

Comprehensive Plans Hazard Mitigation Plan

Land Use Plans Emergency Operations Plan
Economic Development Plans Disaster Recovery Plan
Revitalization Plans Community Risk Assessment
Capital Improvements Plan Continuity of Operations Plan

Subdivision and Land Use Development Ordinance  Long Range Transportation/ Infrastructure Plan

Zoning Ordinance Floodplain Ordinance

1.1.2 How can plans be integrated?

There are two primary approaches to manually performing plan review and integration. The first
approach is to integrate hazard information and mitigation strategies, policies and principles into
already existing local planning mechanisms, and vice versa. This can involve integration of different
pieces of hazard information embedded within different plans.

A second approach to plan review and integration is through inter-agency planning and inter-
agency coordination. This involves horizontal integration or collaboration between key staff across
departments and agencies to help share knowledge and build relationships. A list of local/state
departments where horizontal integration would be effective is included in Table 2.

Table 2. Integration across Agencies/Departments

Agencies/Departments
Public Safety Public Information
Planning and Urban Development Land Conservation/Natural Resources/Sustainability
Public Works Buildings and Infrastructure
Land Use and Development Transportation
Police Information Technology
Forestry and Wildlife Mayor's Office
Health and Family Welfare Housing
Historic Preservation Environment
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2. Research Problem

2.1 Why is Manual Integration Inefficient? What Are The
Challenges of Manual Plan Integration?

Manual integration comes with many challenges and is inefficient for a wide variety of reasons.
In each jurisdiction, especially large jurisdictions, typically a large number of planning documents
are available that need to be reviewed. Many of these documents are stored across a variety of
mediums (paper copies, CDs, PDFs, etc.), which makes finding, searching, or interacting with these
documents a major challenge of manual plan integration. When documents are improperly stored,
named or catalogued, and/or stored across various locations or platforms (external drives, discs,
networks, or desktops), it creates a lack of ownership and responsibility for document maintenance
and updates. When documents are stored on or within different mediums, it is quite difficult to
find information when what is needed is actually separately stored with a multitude of separate
and especially when on different maintenance cycles as it is highly unlikely that these different
documents actually “speak to” each other.

The length of plans also makes manual integration inefficient. Manually reviewing each of the
pages is time consuming and rather difficult, and also opens up the likelihood of human error. In
addition to the long timeframe to review the plans, there is also often inadequate workforce to
perform the manual plan integration task.

A primary challenge of manual plan integration is that there may be various interpretations of the
purpose and intent of specific planning products. In addition to various interpretations, another
challenge is that there may be limited or lack of communication between different community
departments. Often times, there is no proper inter-agency and inter-departmental communication
in most government agencies.

Departmental budget constraint is another challenge that makes manual plan integration inefficient.
Developing countries and a lot of rural communities face budget crunches and tend to prioritize
their resources on other pressing issues. Additionally, there is no systematic way to complete the
process, i.e., the methodology may vary from person to person and from department to department.
There would be lack of consistency between reviews based on the person performing the review,
which would lead to errors in the process.

A final challenge is the increased chances of error associated with manual plan integration. When there
are many plans and many people involved in the process, there are bound to be errors in the process.

2.2 Solution to Manual Plan Integration

Our solution to tedious manual plan integration is to develop a process to automate through ML to
save time, improve efficiencies and eliminate some of the major challenges and inconsistencies.
Automating this process will successfully and effectively enable community plans to talk and
learn from one another, reduce the workforce and the time needed to integrate the plans, eliminate
the potential for human error and lack of consistency between reviews, regardless of the total
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number and length of plans or varying plan update cycles and eliminate the potential for complete
knowledge loss. We have investigated a web application to perform tasks that normally require
complex reasoning and/or human intelligence, and in this case, perform searches of relevant
concepts in community plans and documents.

ML is an application that provides systems the ability to automatically learn and improve from
experience, without being explicitly programmed, and focuses on the development of computer
programmes that can access data and use it to learn. The primary aim of ML is to allow the
computers to learn automatically without human intervention or assistance and to adjust future
actions accordingly.

The ideal solution is to use ML to perform plan integration through an automated process by
developing a comprehensive, smart, game-changing application that addresses the daily barriers
and challenges of integration through automated searches of specific concepts that are informed
by an ontology, which is discussed later in this report.

2.3 What is the proposed solution to the problem?

Our initial proposed solution was to develop a software that uses ML concepts such as Natural
Language Processing (NLP) that can assist the process of planning and integration by helping
the user search for a concept or an idea and be able to pull information on how this concept is
addressed in various plans.

This application allows us to build a repository of Disaster Management Plans of any type that can
be used to search for classifiable and searchable functions for specific disaster data and plans,
including best practices, case studies and success stories etc.

Using ML for the advanced searching of hazard mitigation and emergency management (EM) plans
is a process to help governments examine existing planning frameworks, and align plans, goals,
visions, policies and actions, reduce contradictions, eliminate the potential for human error, save
time for planners as they would not have to physically review large documents and capture and
retain knowledge that has been gained through performing advanced searches.

2.4 Features

Our application utilizes Alfresco, which is an advanced Enterprise Content Management (ECM)
software. There are several benefits that Alfresco offers and many of these benefits and features
have also been incorporated and are offered by our application. Special features include:

Tailored Document Storage Without Limits
Intelligent Document Classification/Tagging
Prevent Accidental Deletion

File Sharing and Permission Management
Semantic Search/Advanced Search

Conflict Detection

Robust Industry-Specific Ontology
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3. Aim, Objectives and Scope of the Research Study

The primary objective of this research through the CDRI 2021 Fellowship Programme is to explore
the use of technologies like ML and Al within the framework of integrated planning of hazard
mitigation and risk reduction principles, and how those principles can be more effectively integrated
into existing jurisdictional planning frameworks and documents by using automation.

3.1 How will this solution help integrate plans?

Our application offers a tailored document storage feature that has no limits and allows the user to
build a plan repository that is tailored to their specific jurisdiction. The user can further categorize
and tailor their ‘plan repository’ by type of plan and specific plans by agency/department.

With the assistance of our hazard mitigation-specific ontology, our solution offers the advanced
search feature that will help the user search for important information, and/or compare information
within different plans from any plan that is uploaded. Once the search is complete, the application
will provide results through which the user can compare and contrast different plans and identify
specific inconsistencies, contradictions, challenges and gaps.

3.2 Audience and Case Uses

This software and automated plan integration process will mostly help planners. It will also offer
some help to public officials and some benefits to the public.

For planners, the software can be used to identify conflicts and/or discrepancies in areas that are
ripe for future development, for example, differences or comparisons between similar compliance
regulations. Additionally, planners can use the software to compare planning measures adopted by
different states and cities. This will allow planners them to quickly identify best and recommended
practices, past case studies, past success and failure stories, etc.

This solution will also offer benefits to public officials. Our application can help public officials
to view and compare the details of grant funding that has been distributed to different regions/
states/counties. Ultimately this software can help public officials identify measures to further aid
inequitable or underprivileged areas, and in turn, improve resilience for all people and places.

This solution will not only make the plan integration process easier and more efficient, but can
also be used for other uses, which can benefit a wide array of audiences. Table 3 identifies some
additional potential use case scenarios that are possible to compare by using this application.

Table 3. Potential Use Case Scenarios
Compare data from all 50 states or East coast vs West coast, etc.
Compare how counties monitor, evaluate, and update different plans.

Compare 5 different types of plans for a city, ex. Transportation plan, Hazard mitigation plan, etc. and see
how each plan is addressing a specific issue (ex. flooding)

—
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3.3 Application development schedule and progress

Our research team completed the desired goals within the expected period of performance. The
project had several different milestones that were broken down into quarterly progress milestones.
Our research was completed within one year. Table 4 identifies the progress that was made during
each quarter over the course of the project year.

Table 4. Quarterly Progress Updates

m Tasks Completed

Evaluated various plans and ordinances like Emergency Operations Plans, Hazard Mitigation
Plans etc., to choose the best plans to test the software.

Determined various classifications required to sort the Plan into various categories to be used

Q1 for tagging.

Developed custom algorithms for fragmenting the Plan and tagging it appropriately. This will
help in the semantic search function.

Presented preliminary results from a pilot study.
Ontology of key terms relating to disasters and hazards was developed and deployed into the
application.

Various plans and ordinances such as emergency operations plans, hazard mitigation plans,
district disaster management plans, etc., were selected as the best plans to test the software.

Various classifications were required to sort the Plan into various categories to be used for
tagging have been determined.

Custom algorithms for fragmenting the Plan and tagging it appropriately were developed to help
the semantic search function.

Accurate descriptions of each Concept were researched and incorporated into the Ontology.
Relationships between Concepts were discussed and debated within the team. Relationships
related to Hazard Mitigation were identified and configured.

Q2 The ML component is being programmed to use the Hazard Mitigation segment of the Ontology.

An uploaded Plan document was fragmented into pages and each page was tagged using
the ML feature, then indexed for Search. This approach was revisited, and it was decided that
fragmenting the document by topics and headings was more appropriate.

The database store was changed from Apache Jena to neo4j because its features and
performance are better for this purpose.

The layout and formatting of the Search results page were completed.

Automatic fragmenting of a document and indexing was completed.

The user interfaces for the proposed software tool and the back-end processes for the Machine
Learning and NLP algorithms were worked out. Short plans were pieced together to test the
software.

—
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M Tasks Completed

Q3

Q4

The Ontology of key terms was been deployed into the software.
Research for accurate descriptions of each concept was completed and all descriptions were
incorporated into the Ontology.

Relationships between all concepts were discussed and debated between the research team.
Hazard Mitigation-related relationships for all concepts was identified and incorporated.

The Ontology was incorporated into the recommendation engine. The final product was able to
pull a comprehensive list of key terms and phrases from a desired list of Plans. The Ontology
was integrated into the software application and the system has been trained.

The user interfaces for the software tool and the back-end processes for the Machine Learning
and NLP algorithms was completed. Short plans were then pieced together, and the software
was tested.

Search feature that shows the results from fragments and the ability to click open the document
via the Search page. Search is working to show the results from the fragments.

The system was trained using the Ontology as a training set.

The Code to process the uploaded documents into individual pages and scan them to detect
matching Concepts in the Ontology was completed.

The application tested various concepts — various plans from different countries were uploaded
onto the portal and the search was run.

Tests were run to check for code optimization and for algorithm performance.

The final report was developed.

4. Methodology

4.1 Application development schedule and progress

The process of developing the application was split into two distinct phases. The first phase, Build
the Brain (BEB), consisted of preparing and developing a hazard mitigation specific ontology, which
also included defining those hazard mitigation-specific terms within the ontology and identifying
specific relationships between the different terms within the ontology. The second phase, Process
the Plans (PEP), consisted of natural language processing, indexing/document tagging and
generation of recommendations.

4.2 Phase 1: Build the Brain (BEB): develop ontology, define

terms, develop knowledge base

The first step of Phase 1 was to prepare a common, hazard mitigation-specific ontology which
included defining domain-specific terms or concepts. An ontology is a formal, explicit description

o
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of concepts in a domain of discourse, topics and sub-topics of each concept describing various
features and attributes of the concept and restrictions on those properties.® At the basic level,
an ontology is a set of concepts and categories in a specific subject area or domain, much
like a glossary or index, which identifies their properties, definitions and most importantly, the
relationships between them.*

Hazard mitigation can be connected to all other community planning disciplines. We developed our
own ontology through the process illustrated in Figure 2.

We developed a hazard mitigation-specific ontology that contains over 200 terms that have an
associated with the concept or field of hazard mitigation.

Each term identified was then entered into an Excel spreadsheet (Figure 3) for further analysis,
before being entered into the online ontology application. Within the Excel spreadsheet, definitions
were developed for each term. Each definition was informed by no less than three different reliable
sources. Additionally, specific relationship types were developed, and then using those relationship
types, specific relationships were established between different terms, such that at least one
relationship was associated with each term.

Prepare

Ontology

$

Define Terms

$

Develop

Knowledge Base

Figure 2. Build the Brain

$ https://protege.stanford.edu/publications/ontology_development/ontology101-noy-mcguinness.html

4 https://protege.stanford.edu/publications/ontology_development/ontology101-noy-mcguinness.html
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Hazard Mitigation Plan

Hazard mitigation planning reduces loss of life and property by minimizing the impact of disasters. It begins with state,
tribal and local governments identifying natural disaster risks and vulnerabilities that are commaon in their area. After
identifying these risks, they develop long-term strategies for protecting people and property from similar events
Mitigation plans are key to breaking the cycle of disaster damage and reconstruction

Hazard mitigation plans are prepared and adopted by communities with the primary purpose of identifying, assessing,
and reducing the long-term risk to life and property from hazard events. Effective mitigation planning can break the cycle
of disaster damage, reconstruction, and repeated damage. Hazard mitigation plans can address a range of natural and
human-caused hazards. They typically include four key elements: 1) a risk assessment, 2) capability assessment, 3)
mitigation strategy, and 4] plan maintenance procedures. Plans can be developed for a single community or as a multi-
jurisdictional plan that includes multiple communities across a county or larger multi-county planning region

Hazard mitigation describes actions taken to help reduce or eliminate long-term risks caused by hazards or disasters,
such as flooding, earthguakes, wildfires, landslides, or dam failure.

Hazard mitigation planning reduces the risk to people and property, and reduces the cost of recovering from a disaster.
A hazard mitigation plan can help communities become more sustainable and disaster-resistant by focusing efforts on
the hazards, disaster-prone areas and identifying appropriate mitigation actions. Effective mitigation planning and
efforts can break the cycle of disaster damage, reconstruction, and repeated damage
T T P > = P

Is comprised of: Capability Assessment

Is comprised of: Hazard ID and Profiling

Is comprised of: Implementation Strategy

Is comprised of: Mitigation Strategy

Is comprised of: Risk Assessment

May be integrated with: Comprehensive Plan
May be managed by: Planning Department
May be managed by: Public Safety Department
May improve: Resilience

Capability Assessment

PO g g =
other resources available to accomplish mitigation and reduce long-term vulnerability. A capability assessment allows
the planning team to identify capabilities that currently reduce disaster losses or could be used to reduce losses in the
future, as well as capabilities that inadvertently increase risks in the community. Capabilities are analyzed by reviewing
existing plans, reports, and information and interviewing local departments and agencies to gain a better
understanding of relevant programs, regulations, resources, and practices

The Capability Assessment describes the tools in the city's toolbox for implementing mitigation actions to reduce
disaster losses. These tools can be grouped into the following categories: planning and regulatory, administrative and
technical, financial, and education and outreach

The capability assessment evaluates the capabilities and resources that are already in place in a community to reduce
hazard risks. The capability assessment looks at the resources in place at the municipal, county, state and federal
levels. The assessment also identifies where improvements can be made to increase disaster resistance in the
community.

Is 3 component of: Hazard Mitigation Plan

Plan Integration

The process by which communities look critically at their existing planning framework and align efforts with the goal of
building a safer, smarter community. The goal of plan integration is to effectively integrate plans and policies across
disciplines and agencies by considering the potential of hazards as one of the key factors in true development.

Plan integration involves a two-way exchange of information and incorporation of ideas and concepts between hazard
mitigation plans and other community plans. Community-wide plan integration supports risk reduction through various
planning and development measures.
T OIS TS TS T T T CaeToT

Is @ component of: Capability Assessment

Hazard Identification and Profiling

By developing this ontology, like a human, we have taught the machine to learn and understand
several hundred hazard mitigation-specific terms, definitions and concepts. The system is like us,
it will read and understand just like us, as the system trained through a machine learning algorithm
to extract key concepts, classify them and tag documents appropriately.®

Once all terms were included and defined, and all relationships developed and connected within the
Excel spreadsheet, as shown in Figure 3, the ontology was then entered into electronically using
an Ontology Editor, called Protégé, and the ontology was stored in an application such as Apache

Jena.

B e e e e e
through extensive research and analysis. Comprehensive identification of hazards must include both primary and
secondary hazards, as well as both natural, man-made, and technological hazards. For each hazard, there mustbe a
description of the type of hazard, the location and extent of the hazard, previous occurrences of the type of hazard, and

probability of future hazard events.

Hazard identification is part of the process used to evaluate if any particular situation, item, thing, etc. may have the
potential to cause harm. The term often used to describe the full process is risk assessment: Identify hazards and risk
factors that have the potential to cause harm

Hazard profiling is a process of describing the hazard in its local context, which includes a general description of the
hazard, a local historical background of the hazard, local vulnerability, possible consequences, and estimated
likelihood.

Is a component of: Hazard Mitigation Plan

Comprises: Natural Hazards, Technological Hazards,

Figure 3. Excel Spreadsheet Ontology Development

° https:/protege.stanford.edu/publications/ontology_development/ontology101-noy-mcguinness.html
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Class Hierarchy

o o Q
¥ O Community Feature
» ) Transportation System
» O Utility
O Comprehensive Plan
¥ O Government
¥ O Government Department
0 Economic Development Department
O Engineering Department
O Healih Department
O Housing and Community Development Department
(O Licensing and Inspections Department
O Farks and Recreation Department
O Flanning Department
» (D Public Safety Department
» O Public Works Department
0 Social Services Department
(O Transportation Department
¥ O Hazard Mitigation Plan
» () Capability Assessment
() Hazard Identification and Profiling
» O Implementation Strategy
» O Mitigation Strategy
» ) Risk Assessment
¥ O Hazards
» O Manmade Hazard
¥ (O Natural Hazard
O Avalanche
O Drought
0 Earthquake
» (O Extreme Temperature
» OFlood
O Hail
» O High Wind
» O Hurricane
IO Lightning
» ) Soil Movement
O Space Weather
O Thunderstorm
O Tsunami
O Volcano
O Wildfire
» O Winter Storm
» O Technological Hazard
¥ O Infrastructure
» () Critical Infrastructure

P P

= Comprises

) Describes

O Impacts

O IsAComponent-of

0 1sASubset-of

) 1=AType-of

O IsComprised-of

D IsEqual-to

O Isimpacted-by

) IsResponsible-for

) MayAddress

) MayBeAFunction-of
) MayBeAType-of

£ MayBeAccompaniad-by
) MayBeAddressed _in
) MayBeCaused-by

2 MayBeDisrupted-by
) MayBeExacerbated-by
) MayBelmpacted-by
) MayBelntegrated-with
) MayBelnvolved _in

) MayBeManaged-by
) MayBeResponsible-for
) MayCause

= MayCoordinate-with
) MayDisrupt

) MayExacerbate

) Maylmpact

) Maylmprove

) MayManage

) MayProvide

) MayRespond-to

£ MayResult-in

Figure 4. Hazard Mitigation Ontology Terms/Concepts and Relationship Types

Our ontology is shown in Figures 4 to 6, and shows examples of specific terms, associated
definitions and relationships/connections established. Figure 4 shows the hierarchy of terms
and relationship types included in our hazard mitigation-specific ontology. Figure 5 presents an
example of a defined term, and the relationships established between that term and other terms
included. Figure 6 illustrates the web of relationships within the entire ontology.
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Class® Hazard Mitigation Plan
03 %

Annotations
rdfs:label Hazard Mitigation Plan

(X]
dc:description Hazard mitigation planning reduces loss of life and property by minimizing the impact of disasters. It begins with state, tribal and local 0
govemments identifying natural disaster risks and vulnerabilities that are common in their area. After identifying these risks, they
develop long-term strategies for protecting people and property from similar events. Mitigation plans are key to breaking the cycle of
dizaster damage and reconstruction.

Hazard mitigation plans are prepared and adopted by communities with the primary purpose of identifying, assessing, and reducing the
long-term risk to life and property from hazard events. Effective mitigation planning can break the cycle of disaster damage,
reconsiruction, and repeated damage. Hazard mitigation plans can address a range of natural and human-caused hazards. They
typically include four key elements: 1) a risk assessment, 2) capability assessment, 3) mitigation strategy, and 4) plan maintenance
procedures. Plans can be developad for a single community or as a multi-jurisdictional plan that includes multiple communities across a
county or larger multi-county planning region

Hazard mitigation describes actions taken to help reduce or eliminate long-term risks caused by hazards or disasters. such as flooding,
earthquakes, wildfires, landslides, or dam failure.

Hazard mitigation planning reduces the risk to people and property, and reduces the cost of recovering from a disaster. A hazard
mitigation plan can help communities become mere sustainable and disaster-resistant by focusing efforts on the hazards, disaster-
prone areas and identifying appropriate mitigation actions. Effective mitigation planning and efforts can break the cycle of disaster
damage, reconstruction, and repeated damage

Parents
© owl:Thing

©

Relationships

) IsComprised-of () Capability Assessment

O IsComprised-of (O Hazard Identification and Profiling
O IsComprised-of O Implementation Strategy

O IsComprised-of O Mitigation Strategy

O IsComprised-of (O Risk Assessment

[ MayBelntegrated-wil ) Comprehensive Plan

) MayBeManaged-by ) Planning Department

) MayBeManaged-by ) Public Safety Department

000000000

) Maylmprove O Resilience

Figure 5. Ontology Definition and Relationship Example
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Figure 6. Example of Identified Relationships




We also implemented a storage function in the proposed software that can store any number of
plans. With the storage function available and the ontology completely developed, the knowledge
base of useful data is now available to the user for utilization. The user can now perform a desired
advanced search

Phase 2: Process the Plans (PEP): Google NLP, Indexing, Recommendations

Phase 2 consisted of three tasks: Natural Language Processing, Indexing/Tagging, and generation
of recommendations as illustrated in Figure 7. The first step in Phase 2 was NLP, which strives to
build machines that understand and respond to text or voice data—and respond with text or speech
of their own—in much the same way as humans do.® NLP is the ability of a computer program to
understand human language as it is spoken and written.

Prepare

Ontology

$

Define Terms

$

Develop

Knowledge Base

Figure 7. Phase 2: Process the Plans

It tries to understand the uploaded plan from parts of speech that are used and then extract relevant
information from the plan.” This extraction happens by digesting the document (understanding),
ignoring the small words and pulling the main entities i.e., the main parts of a sentence that are
used in the Plan® — for example, all terms related to disaster management. The process of how NLP
works is shown in Figure 8.

 https://www.ibm.com/cloud/learn/natural-language-processing
7 https://www.techtarget.com/searchenterpriseai/definition/natural-language-processing-NLP
8 https://www.techtarget.com/searchenterpriseai/definition/natural-language-processing-NLP
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Figure 8. Natural Language Processing Flow

Step 2 in Phase 2 required indexing, which is also referred to as document tagging. This process
included identifying a piece of information based on a set of characteristic information. Document
indexing is the identification of specific attributes of a document to simplify and expedite accurate
retrieval of a document.® It is important that document indexing is done accurately, else it will
be difficult, if not impossible, to retrieve a scanned document.’ Indexing identifies a specific
document or paragraph based on the information it contains, which then helps the processer in
future searches.

The final step in Phase 2 involved a recommendation engine, which is derived from a number of
moving parts in the software. If something conflicting is detected in two plans, then the software
will throw an error. This is called conflict detection and is accomplished by a combination of NLP,
Indexing and searching in the Triple store database. It is at this point that results are provided back
to the user.

Overall, the whole process is remarkably simple. A document is uploaded to the platform by a user.
The document system then fragments the document into individual pages. Using natural language
processing and machine learning, the pages are analysed and then tagged with the matching
concepts from the ontology. When a user searches for a specific term, the search engine returns
the results in a categorized form using the tags. The user can then drill down into the results
by clicking on the appropriate category and, thus, quickly narrow down the most appropriate and
desired result.

4.3 Front-end of the application (user interface)

Figure 9 presents the front end of the application, also called the user interface, i.e., what the
user sees and experiences while using the application. This is the process of how a user would

9 https://www.metasource.com/document-management-workflow-blog/document-indexing-basics/

0 https://www.metasource.com/document-management-workflow-blog/document-indexing-basics/
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upload a plan into certain folders, create new folders or even search for a particular plan using
certain keywords.

= (=5 Drag and Drop Plans
Search for the (PDF, Docs, etc) in the

NO—— .
BEsTE ey existing folder
= ()
Upload Plans———» Yes—»=| Create Folder . Drag and Drop Plans
(PDF, Daocs, etc)

Create

Start: New
Folder
(& Search for Related = Apply filters =
Search Plans—» particular = Plans will be ~  for specific ; ngn }he
Keyword displayed category esired Plan

Figure 9. User Interface

The user can also create folders to manage the plans that they have uploaded and processed to
organize them neatly and efficiently. This helps in creating a proper knowledge base and searching
for best practices from plans of other states, counties, etc., as and when required.

4.4 Back-end of the software

Figure 10 presents the back-end of the application, and a flowchart showing the solution schematic
for the application. This shows how the plans are being processed. The first step in the back-
end processing of plans is for the user to upload the plan into the application. The application
then takes this document and fragments it into smaller paragraphs, while paragraph tagging
happens simultaneously. Fragmenting of the plan is the process of splitting the plan into smaller
paragraphs, so it is easier for the software to process the Plan and retrieve the correct information
when required. This process reduces the size of the data the computer handles, making the overall
process more time efficient.

/a0
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Figure 10. Back-end Processing of Plans

While one paragraph is put through a basic search algorithm (called the full text search and SOLR
search), concurrently another paragraph is run through the NLP, powered by the ML algorithm. This
makes the application efficient in terms of processing speed and reduces the time taken to process
a plan to minutes, as even a large 300-to-600-page plan can be processed within a minute or two.

When a search is conducted by the user, the answer is retrieved from the results obtained from the
NLP from the triple store database. A triple is of the form of subject—predicate—object. This is how
the semantic search extracts data from paragraphs of text.

As seen in Figure 10, the ontology (on the right-hand side) feeds into the NLP as and when required.
It is not a major player in the software and acts as a secondary resource. As there are two levels of
searching, one by a basic search and one by an advanced NLP processor, there is very low chance
of error.

—
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5. Results and Discussion

Our software team ran our application through its automated process, using documents from
Howard County, Maryland, United States, as a case study. For this case study, three Howard County
plans were input into the application. These plans were the Howard County Hazard Mitigation Plan,
The Howard County Master Plan and the Emergency Operations Plan. Each of these plans were
written by three different departments and is likely that vertical integration across documents
did not occur. Each of these plans are also very lengthy, making the manual integration process
burdensome in terms of time and human power devoted to completing the task.

H;ward County earthquake
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Figure 11. Howard County Earthquake Results

Once all desired Howard County plans were uploaded, an advanced search for any use of the term
‘earthquake’ was performed. The process was performed effectively, returning a list, location and
link to where anything related to an earthquake was included within any of the documents included
in the plan repository. Figure 11 shows a sample of the results returned when performing a search
for an earthquake within Howard County documents.

—
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Figure 12. Howard County Flood Results (using Filter Feature)

Our research team then performed another advanced search within Howard County planning
mechanismes, this time searching for anything related to flood.

Flood is a very broad topic and is a hazard of major concern in Howard County, and therefore it is
likely that there is a lot of information and data regarding flood embedded within a range of different
planning documents. During this performance of our application, we introduced the filter feature,
in which we can identify different categories of flood-related information. For this search, our team
filtered by high-density residential development, and the system returned a list of three specific
plans that included information related to flooding in high-density residential development. These
results are shown in Figure 12.

6. Enablers and Barriers

Although this application is a recommended solution to improve the process of integrating plans
and other policy documents, it does not come without limitations.

One limitation is that the application cannot process images and maps at this time, which are very
important in the field of planning and hazard mitigation. The ML algorithms at this stage are not
able to process information that are contained in images and maps and draw conclusions.

Another further limitation is that there would be a special infrastructure requirement in terms of
hardware in order for the application to function effectively. Plans are often large documents running
upwards of 600 pages in some cases. The processing power required to process these plans would

o
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be substantial and would incur substantial costs. If this is taking place for a jurisdiction with many
different planning documents, it is likely that special hardware infrastructure will be required for our
application to operate smoothly and perform effectively.

An additional limitation is that the software currently can only cope with documents in English.

A final limitation is that the user would have to create their own database of Plans. This can also be
viewed as a positive as the user will have the opportunity to create a database that caters exactly
to what they are trying to determine an answer to.

Even though there are limitations with this solution to plan integration, it still can effectively
eliminate the need to integrate plans manually, which is very time consuming, while the human
power to complete this manually is most often lacking.

7. Key Takeaways from CDRI Fellowship Programme

After testing the Howard County, MD plans and completing an advanced search for two separate
terms/phrases, our team identified two major key takeaways. The first key takeaway is our algorithm
does indeed work as designed and as expected, with even a large set of documents in a controlled
environment. Our second key takeaway is that extensive testing will continue to be conducted with
larger data sets to see the accuracy of the results and improve the algorithm.

Through working with the CDRI Fellow Programme, our research project has addressed five of
CDRI’s eight thematic areas. This research addresses CDRI's thematic areas in the following ways:

7.1 Governance & Policy

CDRI's emphasis on governance and policy is to explore innovative concepts and tools required to
bridge the information, policy and fiscal gaps across different levels of government.™ This software
is an innovative concept that helps bridge the information gap present across different levels of the
government. It helps in inter-departmental co-ordination by flagging conflicts in various planning
documents across departments.

7.2 Risk Identification & Estimation

CDRI believes that understanding and measuring disaster risk to infrastructure systems is
instrumental in designing resilience plans.’ Planners can use the software as a research tool to
research best practices that are being followed across various countries and cities. Urban and city
planners can look at the building codes of various cities and compare the laws and regulations that
are present and develop a robust infrastructure resilience plan for the future.

7.3 Innovation & Emerging Technology

CDRI has a strong belief that in facing the unprecedented challenges of intense disasters, breakthrough
innovations and adoption of new technologies can be our saviour. By using ML, we are innovating in the

" https://fellowship.cdri.world/
2 https://fellowship.cdri.world/
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field of disaster resilient infrastructure and creating a product that can actually help planners, public
officials and the public, and help save lives and improve overall disaster resilience.

7.4 Community-based Approaches

CDRI believes in building the capacities of local communities to participate in the process of
creating and sustaining small- and large-scale infrastructure, so as to enhance disaster and climate
resilience of the community and its surrounding infrastructure.”™ Our software addresses this by
providing an option for the user to look for disaster-related information about the area they are
currently residing in, or they are about to reside in. Using this tool, property owners or potential
buyers can see information about previous disasters in the area, zoning classifications, design
guidelines, building codes, flood zonation, etc.

7.5 Recovery & Reconstruction

CDRI aims to support countries in developing and adopting mechanisms for assessing losses,
estimating needs, prioritizing recovery and reconstruction activities and channelling adequate
funds to disaster-affected areas in a timely manner.* By using this software, a city official can
research how much aid and relief material was consumed in the previous disasters in the city.
Using this data, the official can be better informed and prepared to make decisions in asking for
funding, arranging emergency stockpiles for use during post-disaster phases.

8. Conclusion and Way Forward

Our software will continue to be developed in the future in order to create a product that is useful
and effective not only for emergency planners, but also for planners across the wide range of
planning disciplines. Our team will continue to develop our software based on the latest trends
and technologies in order to have maps and images included in this automated integration. Our
software development team will also continue to attempt to address the limitation of additional
hardware infrastructure requirements, as this can become very costly.

There are also specific adjustments and/or additional features that our team would like to
incorporate during the future development of our application. Within Phase 1 of the process, our
team desires to provide the ability to export required search results in word/PDF and email to
another person; annotate within the document and export annotations; write comments in the
document and export them; highlight text and export highlighted text; and compile all annotations,
comments and highlights into a word/PDF file and email. We will continue to make the following
future developments as part of Phase 2 of the automated process: Cloning a document; updating a
document; and creating a worldwide database of already processed documents and enable sharing
of documents across users from different organizations. As we continue to develop this software
into a knowledge management system, we can continue to share periodic updates and when ready,
make the software available to CDRI.

8 https://fellowship.cdri.world/
' https://fellowship.cdri.world/
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Abstract

Currently, flood risk management focuses on predicting floods, managing land systems and
creating maps for areas prone to disaster. However, there is a lack of a smart and intelligent system
that manages responses in flood-like situations. There is no automated land-based recognition
method which can pinpoint the disaster-prone areas in need of help when telecommunication
systems dysfunction. Recent studies have pointed towards the possibility of gathering image data
to determine the digital elevation model (DEM) water levels and use it to carry out a future flood
risk analysis. However, these methods are not tested or implemented for real-time flood detection.
Timely detection of a flood is crucial to initiate flood relief services by identifying available routes
within the limited time frame. The proposed approach targets the shortcomings of the Global
Positioning System (GPS) such as variance in location coordinates and delayed information
processing by using an Unmanned Aerial Vehicle (UAV)-based imaging framework.

One of the aftermaths of a natural disaster such as flood is a complete collapse or destruction
of bridges, buildings and other infrastructure. Infrastructure components can sometimes be
severely damaged, thus jeopardizing their structural integrity, resulting in fatalities and economic
loss. In disaster-prone areas, many infrastructure elements are to be checked for defects. Manual
detection of these defects is not feasible as it will require human resources and extended periods
to thoroughly check each component. This may also result in some defects going undetected.
This calls for the need to perform automatic defect detection to ensure reliability and precision.
Using image processing and machine learning techniques, the captured or scanned images of the
infrastructures can be analyzed to identify any defects.

Therefore, this project will focus on using state-of-the-art technology to facilitate disaster response.
This project aims to build resilience to disasters by using a combination of machine learning and
image processing-based methods. The major problems to be solved are detecting flood-affected
areas from input aerial imagery in the post-disaster phase. From these areas, infrastructure
components such as bridges are to be detected to perform damage assessment on them, focusing
on the detection of cracks from input images of bridges. Also, it will assist in detection of entire
road network from aerial imagery for disaster victim evacuation planning.

Integrating Machine Learning in Disaster Resilience through Employing Rule-Based Verification on Aerial Imagery  / 89
for Damages Assessment and Evacuation



Acknowledgements

The authors would like to acknowledge CDRI for their tremendous support, UNSW for the publication
support and VERIS Australia for the dataset.

Funding

This research was supported by the 2021-2022 Fellowship of the Coalition for Disaster Resilient
Infrastructure (CDRI), Application ID: 210114423.

/ 90 Integrating Machine Learning in Disaster Resilience through Employing Rule-Based Verification on Aerial Imagery
for Damages Assessment and Evacuation



1. Introduction

Flood risk management focuses on predicting floods, managing land systems and creating maps for
areas prone to disaster. However, there is a lack of a smart and intelligent system that can manage
responses in flood-like situations, coupled with the clear lack of an automated land-based recognition
method which can pinpoint the disaster-prone areas in need of help when telecommunication systems
dysfunction. Recent studies have pointed towards the possibility of gathering image data to determine
the digital elevation model (DEM) water levels and use it to carry out a future flood risk analysis. However,
these methods have neither been tested nor implemented for real-time flood detection. Timely detection
of a flood is crucial to initiate flood relief services by identifying available routes within the limited time
frame. The proposed approach targets the shortcomings of the Global Positioning System (GPS) such
as variance in location coordinates and delayed information processing by using an Unmanned Aerial
Vehicle (UAV)-based imaging framework.

This project aims to build resilience to disasters by using a combination of machine learning and
image processing-based methods. One of the major problems that needs to be solved is detecting
flood-affected areas from input aerial imagery in the post-disaster phase. From these areas,
infrastructure components such as bridges are to be detected to perform damage assessment on
them and the focus will be on the detection of cracks from input images of bridges. Also, the project
will assist in the detection of the entire road network from aerial imagery to enable disaster victim
evacuation planning.

Table 1 summarizes the existing techniques being used for disaster resilience and their limitations.

Table 1. Existing techniques for disaster response tools and their limitations

S I N

To determine exit routes and Many cases of destruction
transport facilities telecommunication  system durlng
floods

2 GPS For flood risk management to carry

out guided evacuation and rescue

Ambiguity in mapping the exact
position; unavailability of Internet

3 Remote Sensing

4 Optical and Specific
Absorption Rate

5 Hyperion Imaging

activities
To gather data and provide a
comprehensive characteristic of

objects without direct contact; to
forecast flood

To gather knowledge about the
location of water bodies and
water levels; facilitates a real-time
assessment of flood-affected areas

Narrow spectral bands used for
classification; data is compared to
known flooding data to reduce false
detections

during the flood crisis

Expensive; requires special training to
analyze the images

Less number of algorithms for real-
time flood risk management; increased
need for satellite programming and
training

Lack of recent research based on this
technology

Integrating Machine Learning in Disaster Resilience through Employing Rule-Based Verification on Aerial Imagery  / 01
for Damages Assessment and Evacuation



2. Research Problem

One of the aftermaths of a natural disaster like a flood is a complete collapse or destruction of
bridges, buildings, and other infrastructure. Infrastructure components can sometimes be severely
damaged, thus jeopardizing their structural integrity, resulting in fatalities and economic loss.
In disaster-prone areas, many infrastructure elements are to be checked for defects. Manual
detection of these defects is not feasible as it will require human resources and extended periods
to thoroughly check each component. This may also result in some defects going undetected. This
calls for the need to perform automatic defect detection to ensure reliability and precision.

There is a need to detect infrastructure components like bridges/buildings to be detected to perform
their damage assessment. Also, for the detection of entire road network from aerial imagery for
disaster victim evacuation planning.

3. Aim, Objectives and Scope of the Research Study

This project aims to bring innovation in various aspects of disaster resilience by focusing particularly on
efficient disaster response. The acquisition of aerial imagery from affected regions will be automated
and improved using UAVs. The detection of flooded regions and bridges along with damage estimation
from the infrastructure images will be programmed by using machine learning models.

The solution system will consist of an imaging method using an Unmanned Aerial Vehicle (UAV)
that will capture multispectral aerial images of the flood-hit area. In the first stage of the project,
the inundated areas from these images will be determined using machine learning. In the second
stage, image processing methods such as noise reduction, Region of Interest (ROI) determination,
edge detection, and isotropic surround suppression will be used to detect bridges. In the third stage,
the bridge images will be processed using a deep learning model to detect damaged areas like
cracks. Timely detection of flooded areas and landmark objects like bridges will assist in the quick
provision of relief and aid to the affected people. It will also facilitate the initiation of evacuation
operations to rescue stranded people from flooded regions by finding safe rescue routes. Detection
of infrastructure components like bridges and performing damage assessment on them will help in
preventing future fatalities that may occur due to the collapse of infrastructure.

The motivation for using UAVs for capturing aerial images of the disaster-hit region comes from
the fact that they can capture high-resolution images of land in a short period without requiring
human assistance. This makes them safe to investigate high-risk areas during disaster events,
which are unreachable by humans. These factors make them ideal to be used in acquiring image
data in the post-disaster circumstances. The idea of integrating machine learning along with image
processing for flood detection and damage assessment originated from the fact that machine
learning algorithms give results in the least amount of time, which are accurate and precise without
relying on human intervention.

3.1 Proposed solution

The proposed solution for the identified research problem will comprise four stages. The first stage
will map flooded regions from input aerial imagery, the second will detect bridges from the images,

/ 92 Integrating Machine Learning in Disaster Resilience through Employing Rule-Based Verification on Aerial Imagery
for Damages Assessment and Evacuation



third will conduct damage assessment on the input bridge images and the fourth will find the
optimized evacuation routes to disaster victims. All these modules will leverage novel machine
learning models and will be optimized to achieve their specific goals.

Figure 1 shows the proposed solution framework. Through the research project, innovative
technology will be fostered to create value by achieving the following:

Real-time data collected from drones during flood situations will be used to feed machine
learning algorithms designed as predictive models for determining inundated areas.

Arule-based verification framework will be developed to recognize and identify key infrastructures
that are prone to severe damages during floods such as bridges over water, using machine
learning algorithms that support multispectral imagery.

Image processing techniques will be embedded in the framework, including Edge detection
through Robert, Prewitt, Sobel and Canny while optimizing computational efficiency.

Mathematical programming models (based on non-linear programming) will be incorporated in
the framework to optimize the routes utilized for disaster relief operations once key impacted
infrastructures are pinpointed by the machine learning algorithms.

The framework will allow the detection of critical infrastructure that are vulnerable during
disaster events. The proposed approach for conducting damage assessment from input bridge
images is shown in Figures 2 and 3. This information will be utilized for route optimization to
access vulnerable populations and deliver aid.
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Figure 1. Proposed Framework for Disaster Resilience
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Figure 3. UAV's Swarm Covering the Flooded Region

3.2 Scope

The system is designed to provide disaster response during flood events. The system will
only support multispectral aerial images. It is aimed to detect damages on bridges and other
infrastructure components like roads; buildings are not in the scope of this project. The scope of
damage estimation is limited to detecting cracks from input bridge images.
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The scope and limitations of the proposed system concerning each module are listed below:

® The proposed system is aimed towards assisting disaster response and ensuring disaster
resilience by building a complete framework that targets multiple existing problems in this
area. The proposed research focuses only on floods as they are the most frequently occurring
natural disasters in the world, representing 40 percent of global natural disasters (CDC, 2017).

® This system focuses only on building resilience in the post-disaster phase of the disaster
management process as it carries out tasks such as flood mapping, rescue vehicle routing,
identification of infrastructure components and damage assessment from infrastructure which
comes under disaster response and recovery. Hence, the tasks like flood prediction, forecasting
and risk assessment are not within the scope of this system.

® This system targets specifically the detection of bridges and identifying defects from them.
Hence, damage assessment from other infrastructure elements like buildings, roads and
houses are outside the scope of this research.

® Each module in the system will be built to work on multispectral aerial images only. Unlike
traditional straight-down aerial imaging (orthogonal views), the focus is on images captured
from an angle, i.e., low and high oblique images.

4. Methodology

The image data collected will be processed to remove any noise and redundant information. A
system will be designed, implemented and tested on a specified framework to generate results and
finally, documents will be prepared including reports, research articles and manuals.

Figure 4 depicts a research methodology flow chart that will be followed. In the first step, a
comprehensive literature review will be conducted for each module of the system. Recent research
papers, book chapters, abstracts and letters published by leading journals and conferences related
to image processing and machine learning will be reviewed. The chosen platforms include Web
of Science, Elsevier, MDPI and Google Scholar. A thorough literature review will evaluate existing
techniques of disaster response and resilience and their shortcomings will be analyzed to identify
research gaps. These research gaps will be addressed in the proposed study. The problem definition
will specify the issues to be targeted by the proposed system. In the second step, multispectral
aerial images of a flood-hit area will be captured using a swarm of UAVs as shown in Figure 5. The
images will contain both flooded and non-flooded areas along with images of key infrastructure
such as bridges. In the third step, these images will be pre-processed in MATLAB framework
to discard redundant data, adjust brightness, remove noise and crop unnecessary regions. The
cleaned data will then be divided into training and testing datasets. In the fourth step, a system
will be designed by defining modules that are to be built, their sequence and flow of data between
them. In the fifth step, the designed system will be implemented on PyTorch framework using the
python programming language. This involves building each module of the system in its defined
sequence. The modules using machine learning models will be trained using images from the
training dataset. In the sixth step, the developed system will be validated using images from the
testing dataset. During the testing phase, each module of the system will be assessed by giving
inputs from the testing dataset. Finally, a project report will be written for the developed system
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along with research papers and manuals.

[ " ( Research Gaps 1
Literature Review "o »
L ) | - Problem Definition
I v =, - -~
Data Collection » - Image Dataset
L A ',
s v =y . ~
: - Cleaned Data
Data Pre-Processin > . .
L g ) | - Testing & Training Datasets
[ ; 1 (- Diagrams |
System Design -

L y g ) | - Defined Modules

v
f Implementation 1 _,[- Source Code
L P ) | - Executable Software

¥ (- Error Free System b
[ Validation }—' - Exception & Warning

N Resolved |

¥ (- Reports A

[ Documentation }—- - Research Articles
- User manuals

b -

Figure 4. Research Methodology for the Proposed System
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Floods cause widespread damages to infrastructure including roads, bridges, water plants along
the rivers etc. Identifying critical infrastructure and fortifying them before the oncoming of extreme
weather events will protect the community from huge losses. Failure of multiple infrastructures has
been known to escalate the impacts on the region (Karbhari & Ansari, 2009). Critical infrastructure
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must be maintained to minimize the losses of disasters. Infrastructure networks are essential to
carry out various activities and are interdependent. Hence, the failure of one infrastructure may
lead to widespread impacts on the whole network. Failure of infrastructure also has dire physical,
social and economic impacts.

An alarming and frequently occurring infrastructural damage is the appearance of cracks.
Generally, cracks initiate on the surfaces of the concrete structures mainly due to stress, fatigue,
cyclic loading, poor construction, deterioration/corrosion, moisture, temperature effects, shrinkage
and the use of incongruous construction materials and strategies (Gibb, La, & Louis, 2018; Han,
Liang, Chen, Zhang, & Ge, 2021; Hoang, 2018). Various structures including bridges, tunnels, railway
tracks, roads, buildings, pavements, aircrafts and automobiles are prone to cracks (Krizhevsky, Sutskever
& Hinton, 2017). Cracks are the earliest signs of degradation that can lead to serious damage if
allowed to penetrate or left unmaintained or unrectified (Krizhevsky et al., 2017; Mohtasham Khani
et al., 2020).

Case study

For the case study, the Bolte Bridge in Melbourne, Australia (Figure 6a) was selected. Bolte Bridge is
a large twin cantilever road bridge carrying a total of eight lanes of traffic. It is present on the west
side of central business district, spanning over the Yarra River and Victoria Harbour (Figure 6b).
The total length of the bridge is 490 m and comprises four spans, two sides of which are 72 m long
and the main measure is 173 m. The data was collected by VERIS, a leading company for providing
spatial data services (Figure 7a). VERIS provides an integrated approach for the project lifecycle
starting from the planning phase to the final delivery phase. It uses innovative technologies to
conduct surveys and damage assessments of the infrastructures such as railways, bridges, roads,
buildings etc. Aerial imagery of the Bolte Bridge was carried out using UAVs.

A DJI M200 UAV was used for surveying the region (Figure 7b). A machine learning-based algorithm
was developed for crack detection. Images were typically obtained from drones in cases where
access is limited (e.g., due to span of the bridge, presence of traffic or in cases of floods), by
automatically identifying cracks and vulnerabilities in the bridge infrastructure.

-~

(a) § ,
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(b) IP Rating Motor Model

Max Speed

% Mode: 51.4mph (22.8kph)
F Maode: 38mph [81.2kph)
A Mode: 51 4mph (82.8kph)

Diagonal Wheelbase
25.3 inch (643 mm)

GNNS
GPS+GLOMNASS

Max Service Ceiling Above Sea Level
9842 feet (3000 m, with 17605 propellers)

Max Wind Resistance

DIl 3515 .
P42 Weight

Approx. 4.69 kg (with two TBSE batteries)

Capacity
7660 mah

Battery Type
LiPz 85

| Operating Frequency
/ 2.4000-2.4335 GHz; 5.725-5.850 GHz

DN M200

Obstacle Sensing Range

Specifications 2.3-93.4 feet (0.7-30 m)

Max Speed of Air Craft

35.4 /s (12 m/s) EZ-modefA-mode 21 kph [50.2 mph);

Focal Length  p_mode: 61.2 kph (28 mph)
24 mim

Figure 7a & b. (a) Field sampling day (b) Specification of DJI M200

4.1 Data collection and pre-processing of images

The overall workflow of the current research study is presented in Figure 7a. The crack detection
procedure was initiated by the collection of 2D images that form the needed dataset (Figure 8a).
The images of the bridge were obtained using a UAV carrying a digital camera onboard (Figure
7b). A total of 1980 images were captured. Images processed by deep learning are augmented
through cropping, colour modification, geometric transformation, noise injection and flipping.
The images included in the dataset had three main types of cracks that can be classified into
simple cracks, hairline cracks and artificial marking cracks as shown in Figure 8b. Simple cracks
usually result from infrastructure settling onto its foundation however, in comparison, the hairline
cracks are very small and shallow that mainly emerge due to plastic shrinkages about 0.003

inches in width (Su, 2013).
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Figure 8a. Holistic View of the Proposed Framework

After finalizing the dataset, the collected crack images were pre-processed to remove any noise
or undesirable background. Following this step, an image brightness adjustment was carried out.
Cropping was performed on the images to remove any unwanted background such as grass, water,
sky, building, trees etc. Particularly, for the crack images, the data set was divided into two types of
levels including the crack and structures without cracks (non-crack) levels, respectively. The overall
percentages of the pixels for all images (with or without crack) are shown in Table 2 which indicate
that a lower percentage of the crack regions are included in the complete dataset.

Figure 8b. Crack Types Used in Dataset: (a) Simple Crack, (b) Hairline Crack and (c) Artificial Marking
Crack

A total of 2.93% significant crack pixels, 1.41% weak crack pixels and 95.93% non-crack pixels were
included in the complete data set, respectively. For both sets, training and test set, total of 96.32%
and 94.69% non-corrosion pixels were included, as shown in Table 2. Additionally, a total of 3.68%
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and 5.31% of crack pixels were used in the current study (Table 2). Generally, a crack width in the
range of 1to 5 pixels is considered a weak crack whereas significant cracks are those that have more
than 5-pixel width. It was observed that the thin cracks and surface cracks had different properties
in comparison to wider cracks. Therefore, the application of traditional post-processing methods
(with length constraint, curvature and geometric features) is necessary to obtain the complete
and continuous thin cracks (Prasanna et al., 2016), which is a limitation of the deep convolutional
networks.

Table 2. Pixel Percentages of Crack and Non-Crack Images

m Crack Pixels (%) Background Pixels (%)

Significant Weak
Total 2.93 1.41 95.93
Training 3.24 0.44 96.32
Testing 415 1.16 94.69

For the crack images in the current study, the height and width distributions are presented according
to two levels, mainly crack and non-crack. Figure 9 illustrates the cracks in terms of spatial
representation such that the width and height of crack pixels are gathered through Pytorch and
WANDB (Rana et al., 2019).

0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0
X y width

Figure 9. Height, Width and Spatial Extent of Crack Pixels in Dataset
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For the current study the crack pixels frequency was predicted and the bounding boxes or labels were
identified through spatial location analysis and the use of data distribution. The axis presented in Figure
10 provides the representation of size distribution, which shows that spatial or frequency distribution
for our crack pixels is neither skewed nor projected at one place. Rather, crack pixels display a Gaussian
or well well-distributed pixel data as shown in Figure 10 which is indicative of the fact that the pixel
distribution in the selected crack dataset is devoid of biases. A large portion of the dataset consists of
drive view images roughly 54% from road damage detection challenge 2020.

The total dataset for this study includes 10,000 cracks. The health of the dataset is explained through
plots. The location is shown through a gaussian distribution right around the centre region where
most cracks appear. Determining the size of the crack is tricky because of the transformations that
can occur in cracks. By looking at a crack, the only way to analyse the size of a crack with 100%
surety is to be orthogonal to the crack. Moreover, the region of a crack which is close to the camera
is fully visible but the ones further away from the surface may appear like a thin edge or depict other
differences due to the camera angles as well as the transformations in the crack which might make
this difficult to detect. The proposed methodology can potentially enable crack analysis in terms
of structure in a consistent manner. This method can generalize for the environmental setting but
cannot gauge shifts in perspective. The comparison of generative and discriminative methods is
shown in Table 3.

Table 3. Comparing Generative and Discriminative Methods

Characteristics & Approach Generative Discriminative
Learns Latent Code Mapping (X XY)
Inference Speed Slow Fast
Generalization Moderate Poor
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Figure 10. Comparison of Generative and Discriminative Methods

Figure 10 shows comparison of generative and discriminative results of Faster-RCNN and Yolov5-s.
The highly expressive Deep CNNs entailing numerous parameters have brought considerable
advancements in the classification and processing of images (Wei et al., 2017). However, the image
features in the CNN’s training set can be a risk as it has a tendency of over-fitting because of the
non-generalized features in this network. Using an insufficient set of samples for training can lead
to overfitting (Wei et al., 2017). Additionally, the collection of abundant samples is an exorbitantly
costly endeavour, which has increased the utility of data augmentation methods (i.e., flipping,
resizing, random cropping) to enhance image variation and to overcome the issue of over-fitting
(Stentoumis, Protopapadakis, Doulamis, & Doulamis, 2016). In the overall training procedure of the
proposed approach, label generation and crack detection were performed through data augmentation
presented in Table 4.

Table 4: Data Augmentation Details

Augmentations

HSV-Hue augmentation (fraction) HSV_H: 0.015

HSV-Saturation augmentation (fraction) HSV_S: 0.7
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Augmentations

HSV-Value augmentation (fraction) HSV_V: 0.4
Rotation (+/- deg) DEGREES: 0.0
Translation (+/- fraction) TRANSLATE: 0.1
Scale (+/- gain) SCALE: 0.5

Shear (+/- deg) SHEAR: 0.1
Perspective (+/- fraction), range 0-0.001 PERSPECTIVE: 0.2
Flip up-down (probability) FLIPUD: 0.0

Flip left-right (probability) FLIPLR: 0.5
Mosaic (probability) MOSAIC: 1.0
Mixup (probability) MIXUP: 0.0

4.2 Per-pixel segmentation

The use of the pre-trained model for semantic segmentation does not work on general images
because it is based on the association of a class label to each pixel of an image. Therefore, we used
DeepCrack (a publicly available crack-detection dataset) for the training of the SegNet which aims
to perform pixel-wise segmentation of the captured dataset (by UAV). The SegNet method displays
limited accuracy and requires manual supervision. Therefore, per-pixel annotation was used in the
current study.

4.2.1 Baseline Design (BN)

This stage consists of Max Pooling, ReLU Activation, Concatenation, and convolution operation. It
consists of three sections i.e., contraction, bottleneck and expansion. For obtaining high precision
results in semantic segmentation, it is vital to collect finer details while retaining semantic
information. However, having a limited dataset for training a deep neural network is a limitation.
This can be overcome by using a pre-trained network and applying it to the desired datasets. The
extensive data augmentation carried out in U-Net is another way to overcome the raining issues.
Its key contribution is the creation of shortcut connections. The performance of the U-Net can be
enhanced by replacing the plain unit with the residual unit (Figure 11).
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Figure 11. Proposed Deep Residual UNET Architecture

Most importantly the total crack pixels used for e-training and testing were divided into significant
and weak crack pixels, respectively. This categorization was used for distinguishing crack pixels
based on the pixel width. A crack having a score between 1 and 5 for pixel depth was defined as a
weak crack whereas a crack exhibiting a pixel width greater than 5 was defined as the significant
crack pixel as show in Figure 12.

(b) (c) (d)
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Figure 12. Cracks Categorization Matrix Distinguish Crack Pixels Based on Pixel Width

In relation to metric values, our method generalizes better than the respective DeepCrack-BN and
DeepCrack-GF as shown in Table 4. Effective data augmentation methods are essential for deep
models when training data is very limited. Moreover, using refinement modules like the PS operation
and convolutional layers for analyzing the overlap between the two maps shows that the proposed
method can provide higher generalization and retain a greater amount of information of the low-
dimensional features (Figure 12). The results of this study show that this model can perform more
robustly as compared to other methods. Moreover, our method also removes the background and
irrelevant noise in the dataset (Qu et al., 2020).

Our results show that when the training set is augmented 16 times, the performance improves
to a greater extent. Hence, the refinement of the proposed post-processing methods is effective.
In comparison to DeepCrack, HED and SegNet, our proposed architecture shows obvious
improvements. It is already reported that the traditional methods involve post-processing (i.e.,
length constraint, curvature and geometric features). Therefore, it is indispensable for obtaining
continuous and complete thin cracks. However, the convolutional neural networks (CNNs) display
this weakness.

The manual investigation of damages incurred to infrastructure is a challenging endeavour that
is time-consuming and lacks objectivity and reliability. Therefore, automatic crack detection
through techniques such as image processing is inevitable, but the influence of noise caused
by lighting, blurring and such other factors needs to be addressed. Amongst the different deep
learning approaches, CNNs provide automatic learning of image features instead of image feature
extraction, thus making it less influenced by noises. For this reason, we suggest a framework based
on deep hierarchical CNN architecture along with Cycle GAN for predicting crack segmentation for
each pixel in an approach that is end-to-end.

The proposed method utilizes the extended FCN (Fully Convolutional Networks), the DSN (Deeply
Supervised Nets) and a U-net architecture. DSN delivers direct and integrated feature supervision at
each convolutional stage. Moreover, the intricately designed model network learns and aggregates
features as it moves from the low convolutional layers to the high-level convolutional layers during
the training procedure.
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Publications

Knowledge products Title: An Al/ML-Based Strategy for Disaster Response and Evacuation of Victims in
Aged Care Facilities in the Hawkesbury-Nepean Valley: A Perspective

Publishing/Accepting organization: Buildings - MDPI
Category: Published — Journal Paper

Title: Disaster Region Coverage Using Drones: Maximum Area Coverage and
Minimum Resource Utilization

Publishing/Accepting organization: Drones - MDPI
Category: Published — Journal Paper

Title: Metaheuristics for Capacitated Vehicle Routing for Flood Victims
Evacuation

Publishing/Accepting organization: ICACTCE'22

Category: Accepted — Conference Paper

5. Key Takeaways from CDRI Fellowship Programme
and Way Forward

Potential for implementation/ This research has a great potential of applicability in a real time
scale up of research solution disaster scenario to assess damage caused by floods and for victim's
evacuation planning.

Scope for further research This research can further be further enhanced by using on-board
processing capability drones to assess damage caused by floods
(Cracks — Corrosion — Potholes) and for road network detection for
victim evacuation planning (safest/shortest path).
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Plan for disseminating research
findings

Suggestions for expanding CDRI
network - Contact details and
Linkedin profiles of DRI experts
and practitioners

We have published two journal papers and one conference paper
during this Fellowship. We will continue to contribute significantly in
this domain by publishing more high quality articles.

CDRI is an amazing body which has provided us with the platform to
engage with DRI experts and practitioners. We would appreciate if all
the relevant details to contact with DRI experts and practitioners are
available on CDRI website and Facebook pages. Also, there should
be more interactive talks and workshops by the DRI experts and
practitioners. CDRI should communicate with relevant department
in every university on panel countries to further expand, grow and
connect professional in this domain around the globe.
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Abstract

Landslide cause human losses, economic losses and infrastructure disruptions. Landslide
susceptibility assessment effectively predicts the likelihood of landslides in a given region. Lack of
precise landslide susceptibility assessment makes it difficult to identify existing critical infrastructures
that are more vulnerable to landslides, which result in poor mitigation and preparedness. A spatially
consistent landslide inventory is required to develop an effective landslide susceptibility map.
Terrain attributes and extreme rainfall control the landslide susceptibility. Variation of extreme
rainfall in magnitude and intensity makes landslide susceptibility a dynamic phenomenon, which
requires understanding landslide susceptibility at different multi-temporal scales. In this study, we
manually mapped over 100,000 landslides in Nepal and then mapped landslide susceptibility from
2015 to 2020 on a multi-temporal basis. We trained a machine learning model with terrain attributes
and 21 different extreme rainfall indices for this. The landslide susceptibility was then overlaid on
a critical infrastructure spatial index map (representing the intensity of the presence of critical
infrastructure based on open street maps). In this way, we identified the critical infrastructures
prone to landslides in Nepal. Different scenarios maps are generated to help prioritize landslide-
prone critical infrastructure areas and river corridors on a national scale. The final map delineates
areas where climate-resilient slope infrastructure policy needs to be enforced at the granular level.
The framework we developed is scalable to other countries and regions and helpful in developing
national-scale infrastructure financing strategies.

—
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1. Introduction

The Nepal Himalayas is a dynamic and fragile mountain ecosystem that is experiencing a rapid
rate of population growth, a rural economy reliant on subsistence and a more frequent summer
monsoon rainfall (Chalise et al., 2019). From June to September, Nepal experiences a summer
monsoon regime that is characterized by a strong north-westerly flow of moist air from the Indian
Ocean that accounts for 70-93% of its annual precipitation (Chalise et al., 2019). This monsoonal
rainfall makes Nepal highly susceptible to landslides (Rieger, 2021). Moreover, anthropogenic
activities, such as road construction over trails undercutting slopes, allow water to infiltrate into
potential landslide planes and generate debris that gets easily mobilized by heavy rainfall (McAdoo
et al., 2018). Hence, a historical spatial distribution of landslides and landslide susceptibility map
are fundamental prerequisites for landslide-risk management in Nepal.

To assess landslide susceptibility, a spatially consistent landslide inventory is needed. A landslide
inventory shows the locations where landslides have occurred in the past with additional attribute
information. The past casual conditions under which those landslides happened are analysed
to predict the future landslide locations. Nepal does not have a national landslide inventory, and
consequently, sustainable spatial planning is difficult to perform. The country has suffered many
landslide disasters in the past that could have been avoided if proper spatial planning was in
practice. This situation highlights an urgent need for a national landslides inventory and a national
landslides susceptibility map. A landslide susceptibility map subdivides the terrain into zones with
differing likelihoods of landslide occurrences (Ohlmacher and Davis, 2003). Evaluating the landslide
susceptibility of mountain regions is generally done using machine learning (Chen and Chen, 2021;
Mandal et al., 2021). The primary input in the machine learning model includes past occurrence
locations of landslides as points or polygons (Dou et al., 2020) and a set of static and dynamic
conditioning factor maps, e.g., slope, geology, land use, rainfall proxies (Sarkar and Kanungo,
2004). The model then learns from past landslide locations and their respective conditioning
factor values and outputs a susceptibility score for every map pixel. The susceptibility score is
the spatial probability of a landslide occurring in that raster pixel. Machine learning models are
suitable for susceptibility assessment because of the following two reasons: they can express the
highly nonlinear relationship between the landslide conditioning factors and they do not require the
landslide conditioning factors to be normally distributed (Canoglu et al., 2019). These characteristics
make them suitable in assessing landslide susceptibility in large/regional areas. Various machine
learning approaches have been developed and tested, e.g., logistic regression, support vector
machines, random forest, artificial neural networks and convolutional neural networks. Random
forest is a tree-based machine learning model that provides reliable performance in landslide
susceptibility assessment and has been widely applied (Merghadi et al., 2020).

Landslides impact critical infrastructure (Cl) in mountain areas, thus disrupting property and
economy. Cl is fundamental to a functional society designed to ensure essential supplies and
services to the population, such as transportation, energy, telecommunication, waste, water, health
and education (Nirandjan et al., 2022). Nirandjan et al. (2022) generated a globally harmonized
dataset of critical infrastructure from OpenStreetMap (OSM) comprising 39 types of Cl that were
clustered into a single index called Critical Infrastructure Spatial Index (CISI). CISI expresses the
spatial intensity of Cl. Building resilient infrastructure is an explicit part of Goal 9 of the Sustainable
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Development Goals (SDG 2015). It aims to reduce the risks of natural hazards and climate change
to society.

Despite disciplinary advances in characterizing extreme rainfall, mapping landslide susceptibility
and scoring intensity of critical infrastructure, their inter-linking to understanding areas that need to
be prioritized for climate-resilient infrastructure investment is poorly investigated. Intersection of
CISI with landslide susceptibility provides a smart decision information on planning infrastructural
budget allocations for design, operation and maintenance of critical infrastructure.

This study proposes a framework to map priority investment regions for climate-resilient critical
infrastructure in mountain areas. The framework has three components: (1) extreme rainfall indices
definition, (2) mapping extreme rainfall triggered landslide susceptibility annually using machine
learning and (3) overlaying landslide susceptibility variation on critical infrastructure intensity
index. The workflow yields climatically sensitive and economically important areas to mobilize
limited resources to implement climate-resilient slope infrastructure investments and development
policies on a national scale. The mapped hotspots are important for governments, conservation
planners and insurers for decision-making.

2. Study Area

The study area is Nepal, a land-locked country containing one-third of the Himalayan mountain
ranges and encompassing an area of 147,516 km?, stretching from 26°22' to 30° 27' N and from
80°04' to 88°12' E. The elevation range varies from 60 m in the South to 8849 m in the North within a
horizontal distance of less than 200 km. The country has a steep slope topography. Tectonic forces
push the Indian subcontinent against STDS forming high mountains in the North and flat plains in
the South. The area is tectonically active and the earthquake in 2015 caused over 20,000 landslides
in central part of Nepal (Gnyawali and Adhikari, 2017).

Primarily, two weather systems influence Nepal's climate: the summer monsoon circulation (June
to September) and the westerly circulation (November to May). During the summer monsoon,
Nepal receives roughly 80% of its yearly precipitation (Shrestha, 2000). Figure 1 shows the climate
classification map of Nepal representing eight climatic zones based on modified Kbppen—Geiger
classification (Karki et al., 2016).
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Figure 1. Regional setting of Nepal with landslides, lithology, climate and rainfall: (a) Natural
landslides and landslides on roadside slopes, (b) Lithology (GLiM), (c) Climate classification by
Karki et al. (2016): Aw (Tropical Savannah), BSk (Arid Cold Steppe), Cwa (Temperate climate with
dry winter and hot summer), Cwb (Temperate climate with dry winter and warm summer), Dwb (Cold
climate with dry winter and warm summer), Dwc (Cold climate with dry winter and cold summer),
EF (Polar Frot), and ET (Polar Tundra)

3. Research Problem

To find the critical infrastructure on the landslide-prone zone, we have identified four research gaps.
First, the historical data of landslides in Nepal are not available at a spatially consistent stage.
Second, a national scale landslide susceptibility map is not available. Third, landslide susceptibility
mapping approaches do not consider climate change impact on the trigger. And lastly, no standard
exists for infrastructure financing for risk mitigation or reduction.

Although there are several landslide datasets (Gnyawali et al., 2020; Kayastha et al., 2013; McAdoo
et al., 2018; Thapa and Adhikari, 2019), spatially consistent dataset is not available. The reasons
are (1) no high-resolution satellite imagery is available, (2) there are too many landslides to map
manually or in the field, (3) the increasing trend of the number of landslides every year and (4)
no landslide reporting mechanism exists. For many purposes, some site/basin-specific landslide
data is available. However, these data are not spatially consistent and not available on a year-by-
year basis. Every year, the spatial distribution of landslides changes, and the spatial distribution
cannot be assessed by the overall landslide data. The annual rainfall can be used to analyse yearly

)
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landslides. Rainfall increases the risk of landslides. A year-to-year comparison is not feasible and
difficult.

As the nation-wide landslide inventory is not available, high-resolution landslide susceptibility
assessment is not possible. Landslide susceptibility assessments are developed and applied at
the basin and highway catchment levels (Meena et al., 2019; Thapa and Adhikari, 2019). However, a
national scale susceptibility is not available at high resolution and cannot capture the local terrain
characteristics. It creates difficulties for national infrastructure planning, landslide mitigation
planning, energy, transportation, health and education that are not planned in accordance with
their requirements.

Another gap in the landslide susceptibility mapping is that climate change is not considered in
model development. Because the triggering and cause of landslides vary depending on rainfall,
climate change can have an impact on the landslides. Climate change scenarios and models that
may depict the effects of climate change should be taken into consideration to find areas where
climate change has an effect. The different rainfall pattern with varying magnitude and intensity
makes the landslide triggering a dynamic phenomenon, which cannot be understood in a static
approach. Such variations in susceptibility cannot be understood if we disregard climate change
and the future efforts to protect the climate can be unsuccessful.

Lastly, itisimportant to develop financing strategies for mitigation of landslide-prone zones. However,
this is not possible without understanding where infrastructures are present in the landslide-prone
areas. Locating all infrastructures in the landslide susceptibility map is a challenging task because
all infrastructures are not mapped and details are not available publicly. The methodology that
accounts for all kinds of infrastructure for landslide susceptibility classes is not yet available.
Frameworks that can integrate both infrastructure and landslide susceptibility can provide both
information about where a landslide can trigger and where our infrastructure is. This will allow
developing infrastructure financing strategies for landslide-risk mitigation.

4. Aim, Objectives and Scope of the Research Study

This study’s main objective is to create a landslide susceptibility map of Nepal by preparing a
landslide inventory and applying the state-of-the-art machine learning to generate the landslide
susceptibility zonation map at a national scale. This work involves the following tasks:

® Digitizing and classifying all landslide locations in Nepal detectable in satellite images provided
by Google Earth. Planet labs satellite imagery may also be used to locate landslides.

® Prepare a national scale landslide susceptibility map of Nepal by applying state-of-the-art
machine learning methods in the Google Earth Engine (a cloud computing platform).

® Develop integrated index based on all critical infrastructures and analysed with landslide
susceptible zones to find infrastructure on the landslide-prone areas.

The resulting map classifies all areas in Nepal into zones with different likelihoods that landslides
may occur, without a quantitative indication of the landslide frequency and the overlay analysis
with critical infrastructure. The product will be made available for public use through an interactive
web-based GIS and download portal.

—
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5. Methodology

The proposed extreme rainfall-controlled landslide susceptibility variation framework mainly
consists of five parts (Steps 1 to 4 are annual):
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Figure 2. Framework of the proposed approach

Note: LSM 1-5 represent annual landslide susceptibility maps of the corresponding year.

Step 1: Data preparation1: landslide scarp point mapping in satellite imagery and eliminating
landslides on roadside slopes from the inventory.

Step 2: Data preparation2: preparation of topographic data and annual extreme rainfall indices
from satellite precipitation.

Step 3: Data preparation3: downscaling critical infrastructure spatial index from OpenSource maps.

Step 4: Analysis 1: generating landslide susceptibility maps using data from Steps 1-3 by training
random forest model on annual basis.

Step 5: Analysis 2: computing coefficient of variation of annual landslide susceptibility scores on
high mean susceptibility areas.

Step 6: Analysis 3: overlaying extreme rainfall modulated landslide susceptibility variation raster
on critical infrastructure spatial index.

—
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Figure 2 represents the framework of the proposed extreme rainfall-controlled landslide
susceptibility variation. Each step is described in detail in the following subsections. In brief,
our methodology consists of three steps: (1) Preparation of localized rainfall extreme indices:
in this step, we use IMERG database to categorize the daily rainfall indexes into 21 parameters;
(2) Landslide susceptibility mapping: in this step, landslide inventories were produced using
PlanetScope satellite imagery basemaps and the landslide susceptibility was computed in Google
Earth Engine; (3) Overlaying LSM into CISI: in this step we overlay the extreme rainfall modulated
landslide susceptibility variation raster on critical infrastructure spatial index.

5.1 Landslide inventories

Annual landslide inventories were created by mapping landslide scrap points on PlanetScope
satellite basemaps (~4.7 m resolution) from October to November between 2016 and 2020. The
landslides mapped in the 2016 basemap contained all discernable landslides that occurred before
2016 on the basemap. But the landslides mapped in years 2017-20 contained only landslides
that occurred between November and September. Since the majority of the landslides in Nepal
occur during the annual monsoon season (June to September), these landslides correspond to
monsoon rainfall-triggered landslides in that year. The landslides were visually segregated into
natural landslides triggered by rainfall and those present on roadside slopes (anthropogenically
increased susceptibility). Furthermore, earthquake-triggered landslides were not marked during
digitization, by overlaying previously published earthquake-triggered landslides inventory from
Gnyawali and Adhikari (2017) and Roback et al. (2018). Earthquake- triggered landslides and
landslides on roadside slopes were eliminated from susceptibility modelling and only rainfall-
triggered landslides used.

5.2 Terrain derivatives

The factors derived from terrain are very important because these are causative factors for
landslides. Such causative factors do not trigger the landslide but set up the environment where a
potential triggering factor can initiate the landslide. The triggering factor can be rainfall, earthquake,
precipitation runoff, wildfires, etc. The machine learning model uses these parameters and
classifies them in such a way that the areas with landslides and non-landslides can be classified.
The machine learning model can understand linear and nonlinear patterns between classes and the
landslide event. The class where landslides are more frequent is considered a landslide susceptible
area. All the parameters are prepared at a 30 m spatial scale. All the parameters are developed
within Google Earth Engine. The details about each terrain attribute is provided in Table 1 and
shown in Figure 3.
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Table 1. Terrain derivatives used in the model

Attribute Description Units
Elevation Height of terrain above sea level meter

Slope Slope gradient degree
Aspect Compass direction degree
Horizontal curvature Curvature tangent to the contour line meter

Vertical curvature Curvature tangent to the slope line meter

HAND Height above nearest drainage meter

TPI Topographic position Index dimensionless

5.3 Localized rainfall extreme indices

Extreme rainfall is one of the main landslide triggering factors. Landslide susceptibility assessment
without rainfall does not account for the trigger scenario. It is extremely challenging to identify
the intensity and magnitude of rainfall causing the landslide trigger. Therefore, it is necessary to
use different indices that represent magnitude and intensity. We developed 21 different rainfall
indices that can capture the intensity and magnitude. The following are the different parameters
used to define rainfall indexes in the study. These data are developed from IMERG precipitation
measurement. The name, definitions and units of the symbols in the figure are described in Table 2.

Table 2. Extreme and localized rainfall describing indices used in the model

Maximum number of consecutive
Consecutive dry days days
days with PRCP <1 mm

. Maximum number of consecutive
2 CWD Consecutive wet days ) days
days with PRCP =1 mm

Annual total wet day Annual total precipitation in wet

3 PRCPTOT L mm
precipitation days (PRCP = 1 mm)
Annual count of days when PRCP1
4 R1 Number of wet days days
=1 mm
Number of slightly heavy Annual count of days when PRCP1
5 R10 L days
precipitation days =10 mm
Number of heavy precipitation Annual count of days when PRCP1
6 R20 days
days =20 mm
Number of very heavy Annual count of days when PRCP1
7 R50 L days
precipitation days > 50 mm
8 (95 Total annual precipitation from Annual total precipitation in wet nm
2 heavy precipitation days days (PRCP = 95 percentile)
/10
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Contribution from hea
r95pTOT Ut "Y' Ratio of r95p with PRCPTOT %
precipitation days

10 ‘99 Total annual precipitation from Annual total precipitation in wet m
. very heavy precipitation days days (PRCP = 99 percentile)

Contribution from very heav

11 r99pTOT DU Y eV patio of r99p with PRCPTOT %
precipitation days
Number of extremely heavy Annual count of days when PRCP1

12 R100 L days
precipitation days > 1700 mm

13 RX1day Max 1-day precipitation Yearly maximum 1-day precipitation mm

Contribution from max 1-day ) )

14 RX1dayTOT L Ratio of RX1day with PRCPTOT %
precipitation
Max consecutive 3-day Yearly maximum consecutive 3-day

15 RX3day L S mm
precipitation precipitation

Contribution from max 3-da

16 RX3dayTOT Ut Y Ratio of RX3day with PRCPTOT %
precipitation
Max consecutive 5-day Yearly maximum consecutive 5-day

17 RX5day L o mm
precipitation precipitation

Contribution from max 5-day ) )

18 RX5dayTOT o Ratio of RX5day with PRCPTOT %
precipitation
Max consecutive 7-day Yearly maximum consecutive 7-day

19 RX7day L S mm
precipitation precipitation
Contribution from max 7-day ) )

20 RX7dayTOT L Ratio of RX7day with PRCPTOT %
precipitation

Average precipitation in wet days

d
(PRCPTOT/R1) MY

21 SDII Simple daily intensity index

5.4 Infrastructure

The intensity of the presence of different types of critical infrastructure at a particular grid
is defined using the critical infrastructure spatial index (CISI), as proposed by Nirandjan et al,,
(2022). The CISI incorporates seven major critical infrastructures: transportation, energy, water,
waste, telecommunication, education and health based on vector layers from Open Street Maps
(https://www.openstreetmap.org/). The CISI ranges from 0 to 1 scale, where 0 means no critical
infrastructure is present and 1 means highest amount of critical infrastructure are present in the
area. For this research, CISI was developed at spatial scale of 1 km and reclassified into 10 classes
based on quantile breaks.

The process for obtaining CISI is summarized in the following four steps: (1) pre-processing Open
Street Map (OSM) data: disaggregate the global unprocessed OSM database into nodes, way and
polygon to create an individual file for Nepal; (2) extraction: extract all the infrastructure from the
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OSM dataset. These infrastructures are represented by seven major Cl systems that are further
classified into subsystem and infrastructure types; (3) rasterization: develop consistent rasterized
dataset containing information on the amount of Cl into the grid of 1 km x 1 km. Overlay all individual
Cl with each grid cell. The amount of infrastructure associated with unique Cl is denoted as number;
(4) composition of CISI: these numbers are used to calculate the index from 0 to 1 to express the
spatial intensity of CI. In order to obtain the value of CISI, the important scoring is conducted
relatively in four levels: asset, sub-system, system and infrastructure levels. For example in the
waste critical infrastructure, waste is a system, where the subsystems are solid waste and water
waste; and for solid waste, the assets are landfill and waste transfer station. The asset, sub-system
and system make a critical infrastructure. The presence or absence of the assets of different types
are normalized at each of the four levels by yielding the value of CISI ranging between 0 and 1 in
each 1x1 km grid. The detailed methodology for the preparation of CISI is explained in Nirandjan
et al. (2022).
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Figure 3. Seven different critical Infrastructures from Open Street Maps used to develop CISI: (a)
Education, (b) Health, (c) Water Supply, (d) Telecommunication, (e) Railway, (f) Power, (g) Roads.
The infrastructure locations were converted into one raster image representing all infrastructures.
The CISI index ranges from 1 to 10. The CISI index will be used to overlay analysis with landslide
susceptibility maps to find the critical infrastructures prone to landslides.

5.5 Landslide susceptibility modelling

Susceptibility modelling necessitates the input of two types of information: landslide locations
and environment variables. Landslide location was determined at the centroid point on landslide
scarps, and corresponding data from environmental variables were extracted. The data was then
divided into two parts by random sampling: 70% for training and 30% for testing the machine
learning model. All datasets were prepared on a 30 m x 30 m scale.
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The random forest machine-learning algorithm was used in this study. The Random Forest
classifiers build several de-correlated bootstrapped random decision trees and aggregate them to
categorize a dataset using the mode of predictions from all decision trees (Breiman, 2001). The
random forest classifiers available in GEE allows six hyperparameters (Teluguntla et al., 2018): (1)
the number of decision trees, (2) the number of variables for each split in a tree, (3) the minimum
leaf population, (4) bagged fraction of the input variables per decision tree, (5) out-of-bag mode
and (6) random seed variable for decision tree construction. After model training, random forest
implementation in GEE provides: (1) prediction model; (2) relative variable importance and (3)
out-of-bag error. The random forest model is available in GEE as “ee.Classifier.smileRandomForest
(numberOfTrees, variablesPerSplit, minLeafPopulation, bagFraction, maxNodes, seed”.

After training the model, validation is done using two metrics: out of the bag error and area
under the receiver characteristics curve (AUC-ROC). The out of the bag error is used as a primary
testing score for training the random forest model and creating the ensembles of the trees and
hyperparameter tuning. Of the available data, 30% was not used for training but for testing. This
testing dataset (30%) was used for AUC-ROC validation. The AUC-ROC is a well-accepted technique
for validation of the individual hazard and multi-hazard susceptibility maps (Pourghasemi et al.,
2020; Thi Ngo et al., 2021). The AUC-ROC is estimated based on four parameters: true negative
(TN), false positive (FP), false negative (FN) and true positive (TP), as given in Table 3.

Table 3. AUC-ROC estimated based on four parameters

Hazard TP FN

No hazard FP TN

True Positive Rate (TPR) =TP/(TP + FN)
False Positive Rate (FPR) = FP/(TN + FP)
True Negative Rate (TNR) = TN/(FP + TN)

The performance indices TPR and FPR are used for generating AUC-ROC curves. The area under
the curve is then calculated by the trapezoidal approximation method (Ban et al., 2011) and used
as the overall model accuracy.

5.6 Annual susceptibility variation assessment

Since all the susceptibility maps are produced by the same model and have similar validation scores,
we compared these different yearly maps to understand where the landslide susceptibility pattern
is changing according to different years. Due to rainfall patterns, a dynamic factor, there were
areas where the landslide susceptibility changed. Such areas are vulnerable to climate change and
may require a different risk reduction approach. We identified these areas as rainfall modulated by
landslide susceptibility. The variation assessment was done using coefficients of variation in the
GIS environment. The overlay analysis of extreme rainfall modulated landslide susceptibility and
CISI were done to understand critical Infrastructures prone to landslides.
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6. Results and Discussion

This section presents descriptions of annual landslide inventories, annual landslide susceptibility
maps, variable importance and validation of susceptibility maps, landslide susceptibility variation
and overlay analysis with critical infrastructure.

6.1 Annual landslide inventories

Table 4.Total number of landslides inventories in each year from 2016 to 2020

Year Natural Landslides on Total Remarks
Landslides Roadside Slopes
2016 43,009 15,166 58,175 All landslide locations

seen on 2016 satellite
images are marked.

2017 8,267 13,980 22,247
2018 2,579 9,916 12,495
2019 2,142 6,440 8,582
2020 2,316 4,086 6,402

Table 4 shows the total number of landslides inventories in each year from 2016 to 2020. The total
natural landslide in 2016 was 58,175 with 43,009 landslides being natural landslides and 15,166
landslides being on the road sides. As all the landslides locations seen on 2016 satellite images are
marked, it also contains landslides before 2016, so the total number of landslides is greater in 2016
than in other years. In 2017, the total of 22,247 landslides were seen with 8267 natural landslides
and 13,980 landslides on roadside slopes. Similarly, there was a total of 12,495 landslides in 2018
with 2579 natural landslides and 9916 landslides on roadside slopes. A total of 8582 landslides
were seen in 2019 with 2142 natural landslides and 6440 landslides on roadside slopes. The year
2020 witnessed the least number of total landslides (6402) with 2316 natural landslides and 4086
landslides on roadside slopes.

The trend of total landslides is seen to be decreasing each year with the highest number of
landslides in 2017 to lowest in 2020 (excluding 2016). Similarly, landslides on roadside slopes are
more dominant than natural landslides. From these four years, the mean of total landslide occurred
in the year can be calculated as 1241 with the standard deviation of 7012.
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6.2 Annual landslide susceptibility maps

Figure 4 shows the visual representation of variation in landslide susceptibility through four pockets
from East to West. The value of landslide susceptibility ranges from one to hundred, where one means
least susceptible and hundred means the most landslide susceptible area. Landslide susceptibility
varies in different parts of the county in different years. Western pocket (P1) was most active in 2017
than in other years. The eastern pocket (P4) was active in 2017, 2018 and 2019 while in 2020 it was
less susceptible. The central western pocket (P2) was active most of the year. While the central eastern
pocket (P3) is less active every year. This concludes that central western is most susceptible among
these four pockets and the eastmost and westmost pockets are the most varying.

We emphasize that landslide susceptibility, when combined with rainfall proxies, is dynamic and
evolves year after year. The dynamic areas where susceptibility changes with rainfall may be
substantially impacted by variations in rainfall magnitude and intensity in future.

a) LSM 2016

LSM 20
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=
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Figure 4. Landslide susceptibility variation over different years (2016-20)
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Figure 5. Validation plot for all landslide susceptibility models

The statistical validation of landslide susceptibility models were done using area under the curve
and out of bag error. Both metrics achieved acceptable scores for all models. In addition to the good
validation score, the values are consistent. The consistent values of validations represent that the
model is robust and replicable. The out of bag error provides information about model training and the
AUC provides information about model testing. The higher the value of AUC and lower out of bag error,
the higher is the model accuracy. It demonstrates that the random forest model provided in Google
Earth Engine is capable of modelling landslide susceptibility at regional scale.

6.3 Overlay analysis with CISI

Figure 6 shows (a) LISI is a landslide susceptibility map sampled at 1 km resolution to match
the resolution of CISI with median LSM value in each 1x1 km grid. The raster is then reclassified
into 10 classes (based on quantile Classification). b) CISI produced by superimposing all critical
infrastructure on a scale of 1 to 10. c) Areas where both LISI and CISI are greater than 5, these
are landslide-prone areas where critical infrastructure is present. Provinces 3 and 4 have a high
presence of critical infrastructure and high landslide susceptibility, followed by Province 1. In
Provinces 6 and 7, two major river corridors are critical. These are the locations where policymaking
and infrastructure investors should focus on investing in climate-resilient infrastructure and slope
land protection policies.
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Figure 6. Landslide intensity spatial index overlaid on critical infrastructure spatial index classes
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Figure 7. Screenshot of a web-application developed to disseminate the research output maps

7. Enablers and Barriers

The following are the enablers deduced from this study:

® Develop new research connections with weight: a fellowship in hand provided support to pursue
challenging research with confidence

Conference travel was accessible through supplemental funding
Possible to hire students and young professionals during research and at peak hours

Mentorship from the TEG member helped steer the research to more impactful outcomes
The following are the barriers deduced from this study:

® Delayed second instalment caused problems such as research assistants got financially
demotivated and a planned workshop could not be conducted

® Global COVID-19 pandemic pushed the timeline by two months because some of the team
members got infected or were taking care of family members

8. Key Takeaways from CDRI Fellowship Programme

The Fellowship enabled us to understand the bigger picture of disaster-resilient infrastructure. While
our original research proposal was more inclined towards landslide exposure, the fellowship experience
helped us steer it towards a practically implementable framework in the financing of resilience in
mountain infrastructure, from landslide impact. With the CDRI Fellowship, we now have a better
understanding of practical ways of researching for disaster-resilient infrastructure, better contacts to
approach for future collaborations and a platform to showcase our research at a global stage.
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The Community of Practice was also helpful in understanding each other’s research more closely.
However, we personally think that in-person meeting with the fellows could have strengthened
collaborations and taken effective communication to its next level than at present.

9. Conclusion and Way Forward

The research proposes a framework to identify hotspots of critical infrastructure in landslide-
prone areas at the national scale. The framework contains three modules: (i) definition of extreme
rainfall indices as landslide triggers and mapping of landslides at national scale, (ii) application of
machine learning to map landslide susceptibility in multiple years, (iii) classification and overlaying
of landslide susceptibility map on a critical infrastructure spatial intensity map to generate multiple
scenarios for investment prioritization in critical infrastructure. The final map identifies important
slope areas on the national scale where relatively more critical infrastructure is located and as well
as more landslides occur. The map aids in policymaking and decision-making relevant to national-
scale climate resilient slope infrastructure financing and planning.

In addition to this, the research also yields two new maps of practical importance in Nepal: (1)
a spatially accurate national landslide database of Nepal of landslide occurring from 2015
to 2020, (2) a database of 21 well-defined rainfall proxy maps showing extreme and localized
rainfall characteristics in different areas in the same time frame and (3) a national-scale landslide
susceptibility map of rainfall triggered landslides in Nepal.

The immediate way forward includes dissemination of the research framework as a journal
publication, and the maps as online interactive layers freely accessible to the public and stakeholders.
Then, we want to upscale/test the framework and the online system in other mountain countries
for landslide management.

The research data is further being utilized in other researches including (1) estimating the resilience
of mountain road networks from landslide impacts and identifying road sections needing alternative
routing in disaster scenarios and (2) identifying proper land-use practices to manage landslides
using nature-based solutions. The long-term vision is to make a national- level online synthesis
system for disaster-risk resilience for Nepal. Once the platform is launched, it will set a baseline
and further research areas will be done to keep improving it.

This project is part of a broader project theme devoted to designing and developing national-scale
landslide management and decision support systems for low- and middle-income nations.
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Abstract

Located in a seminally active Himalayan region and having adverse geographical and geological
conditions, Bhutan is vulnerable to various hazards. Landslide is one of the most predominating
hazards in the region and intensified due to developmental activities and rainfall and claiming lives,
property and loss of infrastructure. Despite high risk to landslides, major urban development and
expansion are taking place in the hilly regions of Bhutan. Bhutan’s total usable land available for
settlement is only 1% of the total land due to its steep mountains, snow cover areas and 60% forest
and environment conservation policies as per the constitutional requirements.

Regulations are in place for buildings to have adequate safety against earthquake but no such
provision for safety against landslides exists. Therefore, the research aims to provide adaptation
and mitigation measures before and after building construction for a landslide disaster-resilient
building construction practice on the hilly slopes of Bhutan.

The findings on the mitigation and the adaptation measures for sustainable hilly slope construction
practices were shared and discussed with stakeholders contributing to the awareness and landslide
risk reduction practices. It will also help various organizations in framing policies and guidelines.
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1. Introduction

Located in a seminally active Himalayan region and having adverse geographical and geological
conditions, Bhutan is vulnerable to various hazards. Landslides are common in the region and one
of the most predominating hazards intensified due to developmental activities and rainfall. Many
lives are lost while property and infrastructure are damaged as a result of the landslides. Despite
the high risk of landslides, the hilly regions of Bhutan are experiencing major urban development
and expansion.

Bhutan’s total usable land available for settlement is only 1% of the total land due to its steep
mountains, snow cover areas and 60% forest and environment conservation policies as per the
constitutional requirements. Modern developmental activities and rapid urbanization that promote
socio-economic development are causing pressure in the new settlement areas (NHSPB, 2019).
It is projected that urban density will increase from 37.8% in 2017 to 56.8% in 2047 (BUPN, 2020).

Regulations are in place for buildings to have adequate safety against earthquakes, but no similar
provisions exist against landslides. Massive construction with improper site development works and
cutting of slopes for wider area have made the region susceptible to landslides. Heavy precipitation
during monsoon is a major triggering factor for landslides. Rural Construction Rules-2013, Bhutan
Building Regulation-2018 and National Human Settlement Policy of Bhutan-2019 do not have any
provisions to make buildings constructed on hilly slopes of Bhutan resilient to landslides. Thus,
better building construction practices on hilly slopes of Bhutan entail a major study to tackle the
recurrent hazard that costs lives and loss of properties during monsoon. Rainfall and suction of soil
induces slope instability (Yue L. J. et al, 2019). Hence, proper mitigation and adaptation measures
to manage the precipitation and runoff before and after construction of buildings along the slopes,
considering geological and structural factors will provide sustainable development and resilient
building construction practices, which needs to be regulated through research and policies.

Research Problem

The Guidelines for Planning and Development of Human Settlements in Urban and Rural Areas of
Bhutan to Minimise Environmental Impacts (MoWHS, 2013) focuses on the adverse effect of rapid
urbanization on the environment and the people’s way of life. The guidelines have been developed
to provide a framework for human settlement in both urban and rural areas by mainstreaming
environment, climate change and poverty and to promote eco-friendly technologies, conservation of
natural environment, management of environmental hazards. The guidelines provide mitigation and
adaptation measures to minimize hazards on settlement areas through four major categories: Site
and Subdivision Design, Works and Services, Infrastructure, Buildings and Structures, and Natural
Environment. The document does provide theoretical ideas on the requirement of geological data,
slope steeper than 30° to be avoided, minimize the runoff control, onsite coverage and setbacks
and minimum slope alteration. Construction of G+2 and above are not permitted on slopes greater
than 30°. However, the guidelines lack technical recommendations and safety practices before
and after construction to minimize possible hazards. It focuses more on architectural planning
rather than on technical practices and actual implementation, which is a drawback between the
implementer (Government Officers) and the receiver (public).

—
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Hilly regions are the most difficult yet exciting and challenging features to carry developmental
works (Kumar, 2018). Bhutan is one of the fastest developing countries with acute shortage of land
for settlement and hence pressure is felt for new settlement areas (NHSPB, 2019). Urban density
is projected to increase from 37.8% in 2017 to 56.8% in 2047 (BUPN, 2020). Despite high risk of
landslides, there is major urban development and expansion in the hilly regions of Bhutan.
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a) Dechen-zam to Langiophakha area under risk to mudslide a) Changakga Lhakhang area under risk to mudslide due to

due to continuous rainfall (Source: www.bbs.bt, August continuous rainfall (Source: www.bbs.bt August 3, 2021)
10, 2021)

c) Landslide due to continuous and heavy rainfall at Lanjophakha (Left Picture) and Zilukha (Right Picture) Thimphu on August 3,
2021 (Source: www.bbs.bt)

Figure 1. Landslides recorded in Thimphu in 2021

{7 S : B i . ;
a) Landslide at Sampheling, Phuentsholing (Source: Residence of Phuentsholing Facebook Page, June 30, 2021)

b) Landslide at Kharbandi

> 5 o

Goenpa, Phuentsholing (Source: Residence of Phuentsholing Facebook Page, June 30, 2021)

Figure 2. Landslides recorded in Phuentsholing in 2021

The current research proposal is based on an assumption that more steep slopes will be exploited
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for urban expansion and growth in future. Landslide has become a major disaster in Bhutan claiming
lives and properties. Fragile geological conditions, steep slopes and heavy rainfall significantly
contribute to the already weakened sub-soil structure, which has lost its strength and capacity
due to excessive excavation, seepage and stress associated with developmental activities. Heavy
rainfall being the predominant reason for landslides along these slopes, policies need to be updated
considering constructional safety against this hazard. Hence, proper mitigation and adaptation
measures to manage the precipitation and runoff before and after construction of buildings along
the slopes, considering geological and structural factors will provide sustainable development
and resilient building construction practices, which needs to be regulated through research and
policies.

2 Aim, Objectives and Scope of the Research Study

2.1 Aim

To provide adaptation and mitigation measures before and after building construction for landslide
disaster-resilient building construction practices on hilly slopes of Bhutan

2.2 Objectives

The main objectives of the current research work are to:

® Determine the major factors triggering landslides on urban slopes of Bhutan
® Understand the constructional practices that favour landslides on hilly areas

® Suggest the slope angles and excavation limits for building construction along the slopes
based on the safety and stability requirements

® Recommend the best constructional practices to avoid landslides on hilly slopes and
recommend constructional feasibility of the slopes with or without site developmental
structures or mitigations

® Provide suggestions and recommendations to update the policies and regulatory guidelines for
constructional approval, implementation and monitoring on hilly urban slopes of Bhutan

2.3 Scope

The scope and limitations of the research are as follows:

® Only Phuentsholing and Thimphu cities will be considered for research.
® Research and analysis data considered are only for Bhutan.

® Theoretical research without pilot studies will be accomplished.

® Formulation of policy is out of the scope of the research project.
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3. Methodology

Literature was reviewed to pave a deeper understanding on landslides in urban areas. Site visit,
questionnaire survey and social reference were looked into to compile past landslides in urban
areas. Questionnaire survey, field visit and geotechnical investigation were used to determine the
major factors causing landslides.

Site visit to construction sites were performed to study the constructional practices on hilly areas.
It was correlated with the compiled document to understand the constructional practices that
trigger landslides on hilly areas.

Rainfall data and satellite images were referred to determine the catchment area, runoff quantity
and to evaluate the required and existing facilities to mitigate the runoff and reduce the seepage.

Slope analysis was performed using laboratory test data, geotechnical investigation data and
survey data to determine stability as well as to suggest and recommend suitable excavation and
setback limits.

Recommendations from the research findings and minor and major mitigation and adaptation
practices for hilly settlements were presented to the concerned agencies and stakeholders
to be considered while constructing, updating policies and guidelines for future adoption and
implementation for resilient building construction on slopes.
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Figure 3. Research sites at Thimphu
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Figure 4. Research sites at Phuentsholing

4. Results and Discussion

The results and discussions are based on (1) questionnaire survey data, (2) slope stability analysis,
and (3) hydraulic analysis along with past events.

4.1 Questionnaire and site survey

The questionnaire was framed based on the literature review and site observation. The questionnaire
was divided into four sections: a) Details of constructed areas, b) Details of ongoing construction
areas, c) Geological details, and d) Historical details. The main factors and constructional practices
contributing to the landslides in urban areas were then detailed out.

The findings highlight that most of the buildings constructed on slopes are residential buildings
which have implemented retaining structures to stabilize their building slopes.

The majority of the area under hilly construction in urban areas fall under 20°-30°, followed by
30°-40°which is not recommended for settlement activities. However, when the vicinity slope is
compared to the constructed slope, it can be estimated that excessive excavation is adopted to
avail the construction space but with minimal setback for the building. The results show that most
of the construction sites do not follow slope stability measures and planned excavation approach.
They also do not manage these excavated slopes to avoid erosion by providing any temporary
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drainage or diversion channels. Since these slopes are steep, rainfall and runoff result in visible
cracks and slope instability contributing to fragile neighbourhood and mudslides. Seepage at
different degrees is also visible at the constructed sites, with highest seepage occurrence from
the excavated areas. This might be because of the inadequacy of the drains to cater to the runoff,
which is considered as the main cause of failure in hilly urban areas as per the literature referred to.

Heavy and continuous rainfall combined with steep slopes and weak soil profile without any
mitigation measures and runoff controls are some of the other factors causing landslides in
Bhutan's urban areas as per the landslide occurrence study and record.

4.2 Hydraulic analysis

The peak runoff is the maximum flow that is expected due to a design storm over the catchment.
For the current research and analysis, four years (2015-18) hourly data recorded by the College of
Science and Technology was employed. Accordingly, a range of maximum intensity were used to
compute the design storm. Figure 5 shows the runoff generated from various micro-catchment in
urban region based on the selected range of rainfall intensities.
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Figure 5. Design discharge graph based upon the rainfall intensity
over the region and the size of catchment
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Figure 6. Slope angle vs channel width curve for various discharge
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Figure 7. Slope angle vs channel depth curve for various discharge
(to determine the drainage depth)

The above charts are handy outputs of the current research to determine the discharge directly
based on rainfall intensity and catchment area. The depth and width of the drainage can be directly
determined with reference to the slope angle and discharge (Figures 6 and 7).

It was observed that in Phuentsholing most of the drainage available at the sites are L-drains and
not very suitable for steep slopes with heavy precipitation. It was also found that some channel
drains were inadequate to cater to the catchment runoff. However, at Thimphu where precipitation
is lower, L-drains were effective along gentle slopes.

—
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4.3 Slope stability analysis

HYRCAN, a free slope stability software, was used to analyze the site slopes. The results were
then interpreted to suggest and recommend the minimum setbacks and excavation limits for safer

building construction on hilly slopes.

The slope was analyzed for undisturbed condition and constructed condition. The slopes above
constructed area and below constructed area were analyzed for excavations at 45°, 60° and 90°.
The stability of slopes was then checked with the determined Factor of Safety (FOS) obtained after
the analysis. The failure slopes were re-analyzed using stability measures, considering soil nail
and reinforced cement concrete (RCC) retaining walls only. The minimum setbacks and excavation
limits were determined based on the slip surfaces obtained and FOS reflected along these surfaces.

The suggestions stipulated are as provided in Figures 8 to 12 and tables below.

Figure 8. Maximum above site excavation limits for different slope angles (undisturbed site)

Figure 9. Maximum below site excavation limits for different slope angles (undisturbed site)
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Figure 11. Minimum setback for slopes excavated at different angles (constructed site)
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Figure 12. Maximum excavation limits for slopes excavated at different angles (constructed site)

As per the observation, 90° excavation is not recommended without consultation with a geotechnical
engineer.

4.3.1 Recommendations for hilly construction

Based on the questionnaire data, slope stability analysis and hydraulic analysis recommendations
are drawn as stated and tabulated below.

Before construction

Site to be constructed should acquire topographic survey map for building planning, slope
alignment and excavation with nearby amenities within 10 m.

Geotechnical investigation and reports (i.e. soil gradation and allowable bearing capacity of the
soil) are must for sites above 25°. Maps and test reports can be provided by the concerned or
private agencies at a minimal charge.

If the slope is between 15°-20°, planned excavation can be allowed with proper temporary
drainage.

If the slope is between 20°-30°, planned excavation can be allowed with proper designed
drainage and erosion control measures.

If the slope is between 30°-40°, planned excavation can be allowed with proper designed
drainage and retaining walls and erosion control measures.

Site monitoring and excavation approval should be provided with safety measures.

Construction guidelines should be considered in planning, prior to construction approval and
construction.
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® Referto Table 1 of this document.

After construction

® All constructed sites should maintain appropriate/proper runoff and erosion control

measures.

® Slope stability measures should be implemented wherever required and should make sure that
all the vicinity is stable within 10 m from the construction site.

Construction guidelines and policies should be considered and implemented.

Construction completion approval should be sought from the relevant agency within four
months from the completion date.

Construction agency should verify safe construction completion approval.

Refer to Table 2 of this document where H = height of the slope is under consideration.

Table 1. Before construction requirements in hilly urban areas of Bhutan

Slope Angle in Degrees

Measures/Works

Geotechnical Investigation

Survey data & slope profile

Implementation

construction guidelines &

approval

Minimum Set back

Excavation approval

Excavation

Monitoring of excavation

Drainage (To control runoff)

-do-

-do-

-do-

-do-

Planned

-do-

Natural Drains

(Well-maintained
Natural drains or
pipes channelized dams, pipes, deep

appropriately)  excavatedchannels,

Required

-do-

-do-

-do-
-do-
Planned
-do-
Temporary Drains

(Proper channelized
drains with stone
soling, check

etc)

Required

-do-

-do-

_do_
_do_
Planned

-do-

Permanent
Drains

(Well-designed
drains)

Required

Required

-do-

-do-

_do_
_do_
Planned

-do-

Permanent Drains

(Well-designed
drains)
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Measures/Works

Slope Angle in Degrees

Erosion Control

(Erosion control measures
should be implemented
immediately after
excavation)

Above site excavation limits

Below site excavation limits

Minimum Set Backs (Front/
back and right/left)

Not-required

2m

Temporary erosion
control measures

(Ground cover with
plastic sheet, sack-
rags, hay straw,
grass etc)

H

H

2-4m

Designed
erosion
control

measures

(Crib walls,
Silt fence,
Retaining
walls, etc)

0.65H-0.8H

0.65H-0.8H

4-5m

Specialized

erosion control

measures

0.1H-0.5H

0.1H-0.5H

6m and more

Table 2. After construction requirements in hilly urban areas of Bhutan

Measures/Works

Slope Angle in Degrees

0-15

Implementation of
construction guidelines &
safety measures

Drainage to cater runoff

Required

-do-

Required

-do-

Required

-do-

Required

-do-

Slope stability measures

0-15
Slope Above 1595
Construction

>35

0-15
Slope Below 1595
Construction

>35

Not-required
Temporary
Permanent
Permanent

Not-required
Temporary
Permanent

Permanent

Not-required
Temporary
Permanent
Specialized
Not-required
Temporary
Permanent

Specialized

Not-required
Permanent
Specialized
Specialized
Not-required
Permanent
Specialized

Specialized

Not-required
Permanent
Specialized
Specialized
Not-required
Permanent
Specialized

Specialized
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Slope
Excavation
for
construction
(Excavation
is usually
carried out at
upper slope
to acquire
maximum
built area)

Temporary

0_2 o
0%-20 RRM wall

Temporary
RRM/Gabion/
Crib wall

30°-45°

Not
Recommended
without special

slope stability
measures

50°-65°

Not
Recommended
(Consult
Geotechnical
Expert)

70°-90°

Temporary RRM
wall

Not
Recommended
without special

slope stability
measures

Not
Recommended
without special

slope stability
measures

Not
Recommended
(Consult
Geotechnical
Expert)

Temporary
RRM/Gabion/
Crib wall

Not
Recommended
without special

slope stability
measures

Not
Recommended
without special

slope stability
measures

Not
Recommended
(Consult
Geotechnical
Expert)

Temporary
RRM/Gabion/
Crib wall

Not
Recommended
without special

slope stability
measures

Not
Recommended
without special

slope stability
measures

Not
Recommended
(Consult
Geotechnical
Expert)

Slope for

excavation at

construction
site
(Excavation
is usually

carried out at

upper slope
to acquire
maximum
built area)

Minimum

left)
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Set
(Front/back and

0°-20° —
30°-45° —

50°-65° —

70°-90° —

Backs
right/

2-4m

3-4.5m

3-4.5m

Adopt as per site

condition

4-6 m

4.5-7.5m

4.5-6.5m

Adopt as per site
condition

>6 m

>7.5m

>6.5m

Adopt as per site
condition



Slope 0°-20° H H H H
Excavation
for 30°-45° H 0.75H-0.8H 0.55H-0.75H 0.4H
construction  50°-5° H 0.75H-0.8H 0.55H-0.75H 0.4H
(Excavation
is usually Not Not Not Not
carried out at recommended recommended recommended recommended
upper slope  70°.9¢° (Consult (Consult (Consult (Consult
to acquire Geotechnical Geotechnical Geotechnical ~ Geotechnical
maximum Expert) Expert) Expert) Expert)
built area)
Stabilised  vicinity  within Required Required Required Required
10 m
Al h Road (Mitigati
pproach Road (Mitigation Not required Temporary Permanent Permanent
measures)
C tructi C leti
onstruction ompletion Required Required Required Required

Verification by Thromde

4.4 Training and Awareness Programme

The training and awareness programme on hilly slope construction practices in Bhutan was
conducted at the Training Hall, College of Science & Technology, Phuentsholing on 8 July 2022.
It was also scheduled at Royal University of Bhutan Hall, Thimphu on 15 July 2022. The relevant
participants from government and private agencies were invited for the training. The training was
planned to create awareness on urban landslides, its causes and factors. It also focused on safer
hilly slope construction practices and research findings for safer construction practices followed
by an activity. The activities were framed to get an understanding on the existing protocols,
policies and guidelines and practices with shortfalls and suggestions. An activity was conducted
to know what each sector would look forward to and try to reframe for future sustainability of hilly
slope construction and the country’s development. The current research report was launched and
distributed amongst the participants for their references and post survey was conducted.

The participants suggested and recommended to share the findings with higher authorities and
policymakers. They expressed it as a research work of utmost relevance in the construction sector.
The participants also recommended for further and long-term research to be undertaken in the
research area.
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Figure 13. Training participants at CST Training Hall, Phuentsholing

5. Enablers and Barriers

COVID-19 and related travel restrictions have been the key, critical barriers in carrying out the
research smoothly. Team members have faced a lot of challenges to apply and request for site
visit, follow travel restriction and protocols upon approval and transport of site materials and
equipment. There was a tremendous pressure concerning data collection, health and workforce to
complete the research. The members had to undergo 7 to 15 days quarantine to visit the research
site. Crossing different district boundaries with COVID-19 protocols along with soil samples and
heavy equipment was quite a draining process.

Limited site visits and workforce were also a concerning factor governing the quality sample
collection. The slope profiling would be more accurate, if the soil drilling and sample collection
at various depths were possible. Also, 1D resistivity test equipment has limited the output but
nevertheless, the huge excavated slopes were clear reflection of the data retrieved from the
equipment results which is very satisfying for the researchers.

Phase wise and online lectures during COVID-19 was another challenging factor, where availing
time from the crash course works and additional responsibilities reshouldered due to various
protocols were quite hectic and good lessons learnt.

However, the successful completion of the research project enables all the hardships undergone by
the members in carrying out various task of the project.

—
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6. Conclusion and Way Forward

Hilly regions are the most difficult yet exciting and challenging features to carry developmental
works. Bhutan is vulnerable to various hazards and landslide is one of the most predominating
hazards that has intensified due to developmental activities and poor runoff management. It
claims lives, damages property and leads to loss of infrastructure. This creates havoc every year
within the community and travellers all across the country. It has always been of much interest and
importance to carry research in this field. CDRI Fellowship Programme has provided us with the
possibility to carry out the first ever research in this area and it gives utmost satisfaction to start
and provide a framework for further and future research. Despite many challenges, this journey has
been quite interesting and a good lesson learnt.

Research findings are satisfactory on stating that rainfall triggered landslide are most predominant
factor in Bhutan, exaggerated by the steep unstable slopes, excessive excavation and inadequate
drainage facilities. Research findings provide an easy approach for designers and stakeholders to
estimate and suggest the drainage dimensions concerning different slope and rainfall intensity.
The slope stability analysis results also provide a better outlook on the construction approach
to be followed for safer construction practices in the hilly region. The setback and excavation
limits along with the drainage system and erosion control measures recommended to sufficiently
cater to reducing risk in the urban slopes of Bhutan. It will also help policymakers and government
agencies in developing and formulating safety guidelines and regulations.

We look forward to continuing the same research depicting larger areas and data sets for a much
stronger output and results.
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Abstract

The lack of a reliable landslide susceptibility map in the Western Ghats has led to poor quantification
of risk associated with rainfall-induced landslides to the road networks, as these macro-level
susceptibility maps fail to consider the geotechnical characteristics of the overlying soil. The
study introduces a framework to improve susceptibility mapping by performing probabilistic slope
stability analysis, using different simulation techniques. In addition, optimization techniques are
also incorporated, to determine the location of probe points in an optimal manner, thus improving
the resilience and recovery of road networks. This would eventually lead to better mitigation plans
and evacuation strategies, during such incidents.
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1. Introduction

In the past three years, 13 out of 14 districts in Kerala have experienced severe landslides and such
calamities still continue to occur. These calamities prove the inefficacy of the existing landslide
susceptibility maps. In this study, we highlight the necessity of considering geotechnical parameters
in preparing a susceptibility map, the ignorance of which could cause catastrophic failures like the
one that occurred in Pettimudi, Idukki, a remote belt in the Western Ghats, killing over 60 lives. The
frequent landslides in the Western Ghats in the last 3 years have proved the inefficiency of the
existing zoning strategy. The study aims at incorp