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Abstract Seismic hazards pose a major threat to life
safety, social development, and the economy. Traditional
seismic vulnerability and risk assessments, such as field
survey methods, may not be suitable for densely built-up
urban areas due to the limited availability of
comprehensive data and potential subjectivity in judgment.
To overcome these limitations, an integrated method for
seismic vulnerability and risk assessment based on
multimodal remote sensing data, support vector machine
(SVM) and GIScience methods was proposed and applied
to the central urban area of Jinan City, Shandong Province,
China. First, an area with representative buildings was
selected for field survey research, and an attribute
information base established. Then, the SVM method was
used to establish the susceptibility proxies, which were
applied to the whole study area after accuracy evaluation.
Finally, the spatial distribution of seismic vulnerability and
risk under different seismic intensity scenarios (from VI to
X) was analyzed in GIScience. The results show that the
average building vulnerability index in the central urban
area of Jinan City is 0.53, indicating that the overall
seismic performance of buildings is at a moderate level.
Under the seismic intensity scenario of VIII, the buildings
in the Starting area and New urban district of Jinan would
mostly suffer ‘Moderate’ damage, while Old urban areas,
with more seismic-resistant buildings, would experience
only ‘Slight’ damage. This study aims to offer an efficient
and accurate method for assessing seismic vulnerability in
mid to large-sized cities characterized by concentrated
population densities and rapid urbanization, as well as
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provide a valuable reference for efforts in urban renewal,
seismic mitigation, and land planning, particularly in cities
and regions of developing countries. Additionally, it
contributes to the realization of Sustainable Development
Goal 11, which seeks to make cities and human
settlements inclusive, safe, resilient, and sustainable.
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EMS-98, SVM, RISK-UE, multimodal remote sensing
data

1 Introduction

Seismic hazards, particularly those associated with large,
destructive earthquakes, are among the deadliest natural
disasters, posing significant threats to international social
stability and economic development (Guo, 2010). While
seismic hazards pose Geographical location of the study
as global challenges, their impact is particularly
pronounced in countries like China, Iran, Japan, and
Philippines, which are located in active tectonic zones.
(Papazafeiropoulos and Plevris, 2023; Perez et al., 2023).
China, in particular, has a complex geological structure,
active tectonic activity, continuous crustal deformation,
and frequent seismic events (Tesfamariam and Liu, 2010;
Xuetal., 2013). Studies have shown a positive
correlation between building collapse and human
casualties in historical seismic events (Li et al., 2014;
Liao et al., 2003). Moreover, building vulnerability
directly affects their performance during earthquakes (Li
etal., 2018). Even under moderate-to-low seismic
hazards, highly vulnerable buildings pose a significant
seismic risk (Barbat et al., 2006). China has undergone
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rapid urbanization in the last decade, becoming a global
hotspot for urban growth (Zhang et al., 2018; Adhikari
and D’Ayala, 2020). As resources and population
continue to concentrate in large cities, potential seismic
risks continue to escalate, making risk reduction a critical
challenge for sustainable development (Liu et al., 2019).
Developing and implementing effective strategies,
measures, and interventions to reduce building
vulnerability are crucial in mitigating seismic risk (Liu
et al., 2020).

The seismic risk assessment of a particular area is
related to three fundamental variables: hazard,
vulnerability, and exposure (Crichton, 1999; Tyagunov
etal., 2004; Cardona etal, 2012). In general,
vulnerability is defined as the tendency for a given
element to suffer damage or destruction, depending on its
inherent physical and functional characteristics (Mouroux
and Le Brun, 2006). In seismic risk, the structural
features and preservation status of buildings are critical
factors influencing vulnerability (D’Ayala, 2013). To
enhance the efficiency and accuracy of assessments,
researchers have shifted their focus from individual

building evaluations to regional-scale  building
assessments (Tilio etal., 2011), where simplified
procedures are often recommended for broader

application (Guéguen et al., 2007; Zuccaro and Cacace,
2015). Commonly used vulnerability assessment models
include empirical, mechanical, and hybrid methods (Calvi
et al., 2006). Empirical methods are determined based on
building classification, requiring the use of general data
about a group of buildings, such as building type,
structural materials, and age of construction (Leggieri
etal., 2022). For instance, the EMS-98 macro-seismic
scale (Griinthal, 1998) provides guidelines for empirical
seismic assessments. Mechanical methods, on the other
hand, require detailed information about building
geometry, form, and structural characteristics, making
their reliability heavily dependent on the accuracy of
modeling and input data (Ruggieri et al., 2022). Hybrid
methods improve assessment accuracy by calibrating
mechanical/analytical evaluations with post-seismic
observations of damage (Romano et al., 2017). Despite
the advancements in these methods, the reliability of
seismic vulnerability assessments depend on the
availability and accuracy of the information collected in
building inventories (French and Muthukumar, 2006;
Yepes-Estrada et al., 2017). Traditional field surveys,
though precise and reliable, demand significant
manpower and resources, limiting their frequency and
efficiency, especially in moderate-to-low seismic hazard
areas, where documenting architectural features for

individual buildings can be time-consuming and
inefficient.
Recently, multimodal data, GIS (Geographic

Information System) and remote sensing methods have
been integrated and applied to seismic vulnerability
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assessment at the urban scale, effectively reducing the
inherent cost of building surveys (Borfecchia et al., 2010;
Boukri et al., 2018; Liu et al., 2023). For instance, Liu
etal. (2019) performed the seismic vulnerability
assessment of Urumgqi City in 2019 by combining data
mining methods with GIScience techniques. Salazar and
Ferreira (2020) used GIS to collect and manage historical
building information in Mexico for seismic vulnerability
assessment. Rodenas et al. (2018) used GIS technology to
graphically interpret building vulnerability indexes and
predict damage, while combining detailed plot
characteristics to determine the most vulnerable areas of
the city. However, information on building attributes
(e.g., type of building structure, age of building, etc.) is
not easily determined by visual interpretation of remote
sensing imagery alone. Remote sensing methods should
be combined with other sources of information to extract
relevant  parameters  (Miura and Midorikawa, 2006;
Mueller et al., 2006; Polese et al., 2019). However, these
studies mainly focus on the use of GIS and remote
sensing technology, and there are few discussions on how
to further combine other methods to improve the
efficiency and accuracy of assessment.

Machine learning (ML) methods have demonstrated
significant potential in the field of seismic vulnerability
assessment. Commonly used ML approaches in this
domain include supervised learning, unsupervised
learning, deep learning, and model integration. Among
these, supervised learning techniques such as Decision
Trees (DT), SVM, and Artificial Neural Networks (ANN)
are widely applied. For example, An etal. (2021)
proposed a method to estimate seismic building structure
types (SBSTs) in large rural areas by using identification
rules and statistical methods based on decision trees, and
verified that this method has good accuracy. Riedel et al.
(2015) proposed a method to evaluate the seismic
vulnerability of buildings on a macro-scale based on data
mining technology of SVM and association learning,
which can provide a rapid estimate of seismic
vulnerability. Yariyan et al. (2020) combined the fuzzy
analytic hierarchical process (FAHP) with the ANN
model to generate seismic risk assessment (ERA) charts
of five vulnerability categories and applied them to
Sanandaj City in Iran. The method can accurately identify
the highest seismic vulnerability in densely populated
areas with dilapidated building infrastructure. Xu et al.
(2022) employed ML methods to achieve real-time
seismic damage prediction, while Harirchian et al. (2020)
optimized a multi-layer perceptron neural network model
to evaluate the seismic vulnerability of existing buildings.
Other researchers, such as Ruggierietal. (2021)
developed an ML-based framework, VULMA, whose
fundamental idea is to process existing photos
appropriately to provide data for empirical vulnerability
algorithms. Meanwhile, Cardellicchio et al. (2022) used a
novel approach to generate the View VULMA data set,
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which can enhance the analysis efficiency while
maintaining the authenticity of the analysis results.
Although the above studies demonstrate the effectiveness
of ML and GIS remote sensing technologies, there are
still limitations in terms of generalizability and
adaptability. Due to the constraints of large individual
data sets, the application of existing methods is primarily
confined to small-scale scenarios.

To address the above issues, this study aims to develop
a cost-effective and highly efficient large-scale building
vulnerability assessment model. By integrating urban
characteristics with multimodal data (e.g., remote sensing
imagery, street view images, land use, and transportation
planning data), the model provides a comprehensive
assessment of seismic risk for residential buildings on an
urban scale. Compared to traditional methods, the
proposed approach not only reduces the complexity of
collecting building attribute information but also
enhances data processing efficiency and assessment
accuracy through machine learning techniques such as
SVM. This research contributes to strengthening urban
resilience against earthquakes, provides valuable insights
for government disaster prevention and mitigation efforts,
and supports the achievement of the United Nations’
Sustainable Development Goals (SDGs). The main
contribution of this study is summarized as follows.

1) A building attribute information and seismic
vulnerability classification model based on SVM was
developed, addressing the bottlenecks of low data
processing efficiency and insufficient accuracy in large-
scale seismic risk assessments.

2) By integrating the EMS-98 building vulnerability
classification standard with the VIM method from the
RISK-UE project, seismic risk assessments were
conducted under multiple seismic intensity scenarios. The
results visually depict the distribution of building damage
under varying seismic intensities.

The remainder of the study is organized as follows.
Section 2 describes the study area and data sources.
Section 3 presents the machine learning approach used
for data mining and the methodology used for seismic
vulnerability assessment of buildings. Section 4 shows
the distribution of building vulnerability and the
distribution of seismic damage at different seismic
intensities. Discussion and conclusions are presented in
Section 5 and Section 6, respectively.

2 Study area and data

2.1 Study area

Jinan, the capital of Shandong Province, China, is
situated between 36°01'—37°32' N and 116°11'—117°44’
E (Fig. 1). As of 2022, Jinan had a population of 9.415
million and covers an administrative area of 10,244 km?,
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exhibiting the highest population density of 911
people/km? in Shandong Province. The city’s terrain is
complex, situated on the southern highlands and the
northern lowlands, bordered by Mount Tai to the south
and the Yellow River to the north. Its geographic location
lies in the transitional zone between the central and
southern hills of Shandong and the alluvial plains of the
north-west. Several faults pass through Jinan and its
surroundings, although no major significant active faults
exist underground, leading to medium to low seismic risk
in the area. In late 2022, Shandong Province issued a
“Development Plan for the Jinan New and Old Kinetic
Energy Conversion Starting Area (2021-2035)”, which
redefined the boundaries and scope of Jinan’s central
urban area. This area is now classified into four regions:
the Old city district, the Western new urban district, the
Eastern new urban district, and the Starting area for new
and old kinetic energy conversion (hereafter referred to as
the Starting area). This reclassification aims to expand
urban development space, improve resource aggregation
efficiency, and facilitate sustainable growth. With a larger
transportation network under construction and increasing
urban expansion, seismic risk assessment has become a
critical component of urban planning.

There are five typical types of building structures in
Jinan City, including brick-wood structure, brick-concrete
structure, reinforced/confined masonry walls, concrete

moment frames, and concrete shear walls. Table 1
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presents the types and descriptions of typical buildings in
Jinan City.

2.2 Multimodal data

2.2.1 Central urban area database

Considering the factors that may affect the vulnerability
of buildings, this study collected data on building
attributes, including the type of structure, roof type,
number of floors, period of construction, and states of
preservation.  Multimodal  data  from  diverse
sources—such as AOI data of buildings, urban planning
information of Jinan City, land use data, road traffic data,
and field survey data—were utilized. High-resolution
remote sensing images from Google (2x2 m? resolution),
online maps (e.g., Baidu Maps), street view images, and
real estate websites were integrated. This information was
compiled into a comprehensive database. AOI data were
extracted from Jinan City’s urban planning information
using Python, incorporating residential community data
up to January 2023. To ensure data completeness, missing
AOI data for areas such as urban villages and rural
settlements were manually supplemented. Buildings with
uniform distribution along the same road were classified
as the same block and vectorized using Google Earth and
street maps. According to urban planning data of Jinan
City, the period of construction is divided into four

Table 1 Typical building types in Jinan City
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stages: from 2002 to the present, from 1982 to 2002, from
1960 to 1981, and before 1960. Based on the RISK-UE
seismic assessment method, the number of floors was
classified into three categories: low-rise buildings with
two floors or fewer, mid-rise buildings with three to five
floors (including five floors), and high-rise buildings with
six floors or more. Roof types were divided into flat roofs
and sloped roofs. States of preservation are classified into
four categories: A (building intact), B (surface peeling), C
(wall cracks), and D (non-structural damage), according
to specific indicators. Ultimately, the study area was
divided into 2518 blocks with uniform building
characteristics. Information on the period of construction
was obtained from the Real Estate Information Website
of Jinan, while data on the number of floors and
preservation status were retrieved by combining Baidu
panoramic maps and real-time online data. All
information was consolidated into a complete database.
The corresponding statistics are as follows: RC1 has
842 buildings (33.4%), RC2 has 673 buildings (26.7%),
M4 has 54 buildings (2.2%), M3.3 has 426 buildings
(16.9%), and M3.1 has 523 buildings (20.8%). The age of
the buildings in Jinan is concentrated from 1982 to 2002.
There were 1454 blocks (57.7%) with buildings classified
as A based on their state of preservation, while 918
blocks (36.5%) were classified as B. Additionally, 129
blocks (5.1%) were classified as C and 17 blocks (0.7%)
were classified as D. After interpreting the remote sensing

S

Brick-wood structure

Brick-wood structure uses a combination of brick and timber, with timber serving as supports and beams.
This structural system is a variation of unreinforced masonry construction and has better seismic
performance compared to traditional unreinforced masonry structures.

Brick-concrete structure

Brick concrete structure is a common form of building structure, consisting of concrete walls and bricks.
Reinforced concrete has higher strength and stiffness and can bear larger loads and deformations in
earthquakes, while brick walls as infill material can increase the stiffness and stability of the structure, thus

improving the seismic performance.

Reinforced/confined masonry walls

Reinforced masonry walls require higher seismic performance based on building importance, seismic
intensity, and other factors. They incorporate more stringent seismic measures and reinforcement designs
to ensure superior seismic performance and resistance during earthquakes.

Concrete moment frames

Concrete moment frames are a building's common structural system that resists seismic forces during
earthquakes. They comprise reinforced concrete beams and columns, connected to form a frame that offers
stiffness and strength to the building. These frames can effectively dissipate seismic energy and resist
lateral forces, making their seismic performance good.

Concrete shear walls

Concrete shear walls are a typical choice for high-rise buildings and other structures, made of reinforced
concrete walls. These walls resist lateral forces from seismic activity and wind. Their seismic performance
is better than concrete frame structures, as they maintain their structural integrity and resist deformation
when subjected to lateral forces caused by an earthquake.
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images and street map view images, 1246 buildings were
identified as having flat roofs, and 1272 buildings were
identified as having sloped roofs. The results are shown
in Fig. 2.

2.2.2  Field survey database

Lixia District and Ganggou Street are situated in the
southern region of Jinan City with rich landscapes and
geographical features. The total area of Lixia District is
100.89 km2. And as of July 2022, it has 14 streets and
183 communities under its jurisdiction, with a population
of about 820000 people. Lixia District is one of the
carliest-developed areas in Jinan, characterized by a
diverse range of residential building types due to its long
history of development. It retains a significant number of
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historical residential buildings while also featuring
modern  residential  constructions  that  reflect
advancements in building technology and urban planning.
As the development center of Jinan, Lixia District
provides valuable insights into the evolution of residential
architecture. Therefore, it was selected as one of the field
survey areas for this study.

Ganggou Street, located in the central area of Licheng
District, covers a total area of approximately 107.7 km?
and is part of Licheng District. It comprises 4
communities and 23 administrative villages, with a
population of 117000. Gangou Street is a developing area
with many new buildings as well as traditional villages
which are still undeveloped. The building types in Lixia
District and Ganggou Street are representative of the
region as they cover the characteristics of all Jinan area
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Fig. 2 Spatial distribution and proportion of different attributes in the building database of the Central city of Jinan. (a) Period of
construction; (b) number of floors; (c) roof type; (d) type of structure; (d) state of preservation.
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buildings. Therefore, they were chosen as the field survey
area for this study. The field survey took two weeks,
during which detailed building information was collected,
and the wvulnerability grades of the buildings were
recorded.

The EMS-98 scale classifies building vulnerability into
six classes, from A (highest) to F (lowest). Using the five
attributes of buildings, the vulnerability level of buildings
in the field survey area was determined through manual
judgment. The results of the vulnerability assessment of
buildings in the field survey area are displayed in Fig. 3.
The research process of this paper is shown in Fig. 4.

3 Methodology

3.1 EMS-98

EMS-98 is a macro-seismic scale developed by the
European Seismological Commission in 1998 to describe
the intensity of seismic (Griinthal, 1998). EMS-98
classifies seismic intensity into 12 classes from I to XII
based on the degree of damage and impact. Where I is
very weakly felt and XII indicates extremely severe
seismic damage. In addition to describing seismic
intensity, EMS-98 also includes classification criteria for
the vulnerability and seismic damage levels.

3.1.1 Vulnerability

Vulnerability refers to the degree of damage and loss
sustained by buildings of different structures in the
seismic event. It is classified into six levels, from A to F,
with A being the most vulnerable and F being the least
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(Giovinazzi and Lagomarsino, 2004). Vulnerability class
F is designed to describe the vulnerability of structures
with very strong seismic design levels, i.e., it represents
the vulnerability of buildings that have been specially
designed for seismic resistance and have high seismic
resistance capabilities. However, the number of buildings
with special seismic design in the research area is small.
The EMS-98 scale first classifies buildings according to
their type and then makes finer distinctions based on
different design characteristics when considering their
seismic  performance (Lagomarsino and Giovinazzi,
2006). Generally, the seismic performance of traditional
rural masonry structures (structures that have not
undergone formal design) is poor, and the most likely
range of vulnerability levels is between B and C. The
vulnerability level of reinforced concrete structures is
most likely to be D. Meanwhile, there are many factors
that affect the overall vulnerability of buildings, such as
the quality of building materials and construction,
preservation status, regularity, location, ductility, and
seismic design. Buildings with poor preservation status
may not be very sturdy, which could cause a change in
vulnerability level by one degree. The assessment of
vulnerability in this study depends on factors such as the
type of structure, roof type, number of floors, period of
construction, and states of preservation. Combined with
the EMS-98 scale, the range of vulnerability class values
for buildings of each structural type in the study area is
shown in Table 2. Vulnerability class is important for
assessing seismic risk and disaster prevention. Measures
can be taken to improve the seismic resistance of
buildings and reduce the damage and casualties caused by
seismic based on their vulnerability level.
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Fig. 3 Field survey area.
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Multimodal data
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Table 2 The range of vulnerability values corresponding to different structural types of buildings
Vulnerability class
Type of Structure
A B C D E F
Brick-wood structure <- - - ‘__,
Masonry Brick concrete structure
Reinforced masonry walls - - H
«--@—>
Reinforced concrete (RC) Concrete shear walls <-- - - ‘_»
- o
i most likely vulnerability class; ——»probable range; --- - - P range of less probable, exceptional cases.

3.1.2 Seismic damage level

The classification of seismic damage levels describes the
possible negative effects of seismic events on humans and
society. According to the EMS-98 scale, there are five
levels of seismic damage: DG1 (slight damage), DG2
(moderate damage), DG3 (substantial to heavy damage),
DG4 (severe damage), and DGS5 (destruction).

32 SVM

ML can enhance the performance of algorithms by
utilizing empirical learning, thereby bringing the program
performance closer to the desired criteria (Jordan and
Mitchell, 2015). Typically, ML involves analyzing large
observational data sets to identify correlations among

different data for summarization, and can achieve high
accuracy within a short period of training. In recent years,
ML methods have experienced significant advances, with
techniques such as deep learning, big data, computer
vision, and natural language processing being widely
employed across diverse domains. SVM were proposed
by Cortes (Cortes and Vapnik, 1995) mainly used for
solving classification and regression problems. In this
study, the building attribute data corresponding to
vulnerability are divided into training and test sets, and
the best proxy between the data is found by SVM, which
is then applied to the whole study area. The study is
divided into four main phases: data processing, training,
validation, and application. The association proxy
between building attribute information and vulnerability
is used to infer the vulnerability of large-scale buildings,
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which can greatly reduce the cost of vulnerability analysis
of urban-scale buildings.

The primary objective of SVM is to find the optimal
hyperplane, i.e., the maximum interval of the decision
boundary (Yang et al., 2015). Consider a set of training
samples:  (y1,x1),....(y,x;1), where y;e{-1,1}. An
inequality is satisfied by each element if there exists a
vector w and a scalar b:

wxxi+b>1if y; =1, (1)

wxxi+b< -1 ify,'=—1. (2)

The distance of a point from the hyperplane can be
described functionally as

Yiwxxi+b) > 1i=1,...1. 3)

The optimal hyperplane is the classification surface that
achieves maximum classification interval and accurately
classifies the two categories. The optimal parameters,
denoted by wo and by, define the optimal hyperplane as
follows:

wo X x+bg =0. (4)

The classification interval is

L XXW XX W
p(w,b) = min — max . 5)
tey=1} Wl ey=1) (W]
The maximum geometric distance between the

projections of two training vectors of different classes can
be expressed as

2 2
P 6
p(wo,bo) ol e (6)

To simplify, the maximum geometric distance can also
be expressed as
maxlw2 @)
W
The SVC algorithm in SVM consists of two kernel
functions, the polynomial kernel function (PLOY) and the
Radial basis function (RBF). RBF also known as the
radial basis function, which essentially maps each sample
point to an infinite-dimensional feature space, making
linearly indistinguishable data linearly divisible, and thus
finding the optimal hyperplane or decision boundary
(Schwenker et al., 2001). The advantage of using the
kernel function is that it can avoid repeatedly calculating
the specific mapping of sample points in the high-
dimensional space in the SVM, improving the efficiency
of SVM computation and reducing the storage space
occupation (Pourghasemi et al., 2013):

K(xy) =7 50, (8)
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where K(x,y) is the kernel function and 7y is the
hyperparameter in RBF, the larger its value, the higher
the model complexity. Improper values of x can lead to
overfitting or underfitting of the model. The value of y in
the experiment is taken as 0.2 after training. ||x—y|| is the
mode of the vector. The formula for the definition of RBF
is the formula for the dot product. The class label of the
training set in the study is vulnerability classification, and
the five features correspond to the type of structure,
period of construction, roof type, number of floors, and
period of construction, respectively. In the supervised
classification framework, SVM is applied to establish the
optimal hyperplane for fragility classification. The
classification results are evaluated based on the confusion
matrix.

3.3 RISK-UE

RISK-UE is an EU-funded study project aimed at
improving urban seismic risk management and disaster
reduction capabilities to reduce the risk of urban seismic
disasters (Milutinovic and Trendafiloski, 2003). RISK-
UE includes two methods: the statistical method for
vulnerability and seismic risk assessment of buildings
(LM1) and the physical method for seismic risk
assessment (LM2) (Bektas and Kegyes-Brassai, 2022).
The LMI1 method mainly evaluates the seismic
performance of buildings based on structural parameters
such as building type, material, and height, which is
highly compatible with the EMS-98 scale. It is divided
into six levels of seismic damage: none, slight, moderate,
substantial to heavy, very heavy, and destruction. It is
generally used for macro-scale seismic risk assessment.
The LM2 method focuses more on the characteristics of
the seismic event itself, such as the distance from the
epicenter and the magnitude, while also considering the
structural parameters of the building. This method is
mainly used for real-time seismic risk assessment and
emergency response planning. As Jinan City is a
moderate-to-low risk area, the WVulnerability Index
Method (VIM) of the LM1 method was selected for
calculation in this study. The calculation process can be
divided into the following three steps.

1) Estimate the vulnerability index (V;)

The Building Typology Matrix (BTM) is a method of
classifying buildings according to their physical
characteristics and structural properties and is an
important component of VIM (Lantada et al., 2010). Its
purpose is to simplify and standardize the assessment
process, as well as improve the accuracy of estimating the
vulnerability index and average seismic rating of
buildings. The vulnerability index ranges from 0 and 1,
with lower values indicating a reduced level of
vulnerability. The vulnerability index is classified based
on the building structure type and is associated with the
median (Vypry,), minimum reasonable limit (Viztm) and
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maximum reasonable limit (VEBTM) of possible
vulnerability index values. Table 3 displays the matching
values for the building structure types in the study area
and their corresponding classifications in the RISK-UE
method.

The value of the vulnerability index is also related to
factors such as the geographical location of the building,
its height, and the irregularity of complex buildings. Eq.
(9) is a modified calculation for the fragility index. Where
V[ represents the most likely value for different structural
types of buildings. AVr is the regional vulnerability
factor, which includes special qualities at the regional
scale such as geological conditions, meteorological
conditions, and socio-economic conditions. AV is the
seismic behavior modification factor, which mainly
considers the actual energy dissipation capacity,
deformation capacity, and seismic performance of the
building. The regional vulnerability factor and the seismic
behavior modification factor are not considered in this
study:

Vi =V +AVR + AV 9)

2) Estimate the mean seismic damage grade up

According to the wvulnerability index Vi and the
corresponding seismic intensity I, the mean seismic
damage grade pup is estimated using the following
formula:

I1+6.25Vi—13.1

=2.51+tanh
HD an 2

(10)

The seismic intensity is represented by I, and the
ductility index ¢ is considered, which is determined
based on the building type and assigned a value of 2.3 for
buildings. The mean seismic damage index pup is
calculated using the following formula:

5

o Pik. (11)

The seismic damage grade is denoted by & and takes
values ranging from 0 to 5. The probability associated
with each seismic damage grade is represented by py.

3) Estimate the damage distribution

Assuming a given seismic intensity, the prediction of

Ip =

Table 3 Vulnerability index values for various buildings based on
RISK-UE

Typology V[ representative values

Vlr?l;‘jl"M Visr™ Vistm Vibtm ViBT™
RC1 —-0.020 0.047 0.442 0.800 1.020
RC2 —0.020 0.047 0.386 0.670 0.860
M3.1 0.460 0.650 0.74 0.830 1.020
M3.3 0.460 0.527 0.704 0.830 1.020
M4 0.140 0.33 0.451 0.633 0.700
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the damage grade follows a binomial distribution, and the
probability calculation for each grade is expressed as

follows:
Po0= () (1-58) 7 @

4 Seismic vulnerability assessment results

4.1 SVM application

4.1.1 SVM training

After the buildings in the field survey database were
classified according to vulnerability, the data was then
divided into a training set and a test set for the SVM
method. To determine the optimal amount of data to train,
experiments were conducted using training sets of 10%,
20%, 30%, 40%, 50%, 60%, and 70%. Before each
experiment, data were randomly selected to form the
training set to ensure the experimental reliability. Each set
of experiments was repeated independently 1000 times to
generate 1000 mutually independent training and test sets.
The accuracy of each set of experiments was recorded,
and the average accuracy and dispersion of experiments
with different amounts of data training were calculated.
The results, shown in Fig. 5, indicate that as the amount
of training data increased, the overall accuracy also
improved. However, the dispersion exhibited a trend of
initially decreasing and then increasing, likely due to
changes in sample diversity and the potential for
overfitting in larger data sets. Based on the highest
overall accuracy and the lowest dispersion, the optimal
amount of data was determined to be 50% of the training
set. In all experiments with different attribute
combinations, 50% of the data volume was selected as the
training set.

The accuracy of the training model can be affected by
the combination of building attributes, which was

1L

90

85

80

75

70

Overall accuracy/%
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60

10 20 30 40 50 60 70
Training set size/%

Fig. 5 The accuracy and dispersion among the different sets of
training sizes.
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investigated in this study through experiments using
different attribute combinations with a training sample
size of 50%. For experiments considering only two
attributes, the average accuracy of the combination of
Fig. 6(a) (period of construction and number of floors)
was 81.85%; for Fig. 6(b) (roof type and number of
floors), it was 68.69%; and for Fig. 6(c) (state of
preservation and number of floors), it was 76.62%. These
results indicate that the period of construction and
number of floors have a more significant impact on
seismic vulnerability, while roof type has the least.

When considering the three attributes, the average
accuracy for the combination of Fig. 6(d) (roof type,
period of construction, number of floors) was 81.36%; for
Fig. 6(e) (period of construction, number of floors, type
of structure), it was 84.71%, and for Fig. 6(f) (period of
construction, state of preservation, type of structure)
reaches 85%. A comparison of these three combinations
shows that structural type is an important factor in the
assessment of seismic vulnerability, as seen in previous
(Lang, 2002). This was also confirmed in the study.

2 Attributes, 5 Classes

2 Attributes, 5 Classes
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When considering the four attributes, the classification
accuracy for the combination of Fig. 6(g) (period of
construction, number of floors, type of structure, roof
type) was 85.41%, compared to 85.38% for the
combination of Fig. 6(h) (period of construction, number
of floors, type of structure, state of preservation).
Compared to the training results for the three attribute
combinations, the accuracy for the four attribute
combinations improved. When all five attributes were
trained, the average accuracy obtained reached 85.46%.
These results suggest that increasing the number of
building attributes used in the training model generally
improves accuracy, with diminishing returns beyond four
attributes. Period of construction, number of floors, and
type of structure were identified as the most critical
factors in assessing seismic vulnerability, while roof type
had the least impact.

4.1.2 SVM validation

Confusion matrix is a widely used tool in classification

2 Attributes, 5 Classes
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Fig. 6 Overall accuracy of different combinations of building attribute.
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task to evaluate the quality of classification algorithm
(Susmaga, 2004). It is generated by comparing the
predicted results of the model with the actual results. In
the matrix, rows represent the actual categories, while
columns represent the predicted categories. In this study,
the confusion matrix was derived from the classification
results of the training model using five attributes in the
field survey data set, as shown in Fig. 7. The overall
accuracy of the classifier was found to be 85.98%. The
value on the diagonal of the confusion matrix represents
the accuracy of each vulnerability class classification. It
was observed that the classification accuracy of Class A
and Class E buildings was higher as almost all of them
were identified correctly. However, the classification
accuracy of Class B and Class C was comparatively
lower, which can be attributed to the small amount of
Class B and Class C data in the data set. In general, the
overall performance of the training model met the
requirements of the experiment.

4.1.3 Seismic vulnerability distribution

After the SVM training stage, a set of seismic
vulnerability proxy sets corresponding to five building
attributes was established and applied to the entire central
urban area. GIS has advantages in seismic risk
assessment, such as data integration, spatial analysis, and
visualization. It can display the distribution of buildings
intuitively, which is helpful for urban management and
planning. The spatial distribution of vulnerability in the
central urban area is shown in the GIS platform, as
illustrated in Fig. 8. The results indicate that the seismic
performance of buildings located in the northern edge of
the central city is the worst, with the majority being
classified as either A or B. Buildings with a vulnerability
of C are widely distributed in the southern fringe. In
contrast, buildings in the central region, which has
undergone rapid economic development, exhibit the best

Confusion matrix

B - 0 0 0
3 0.6
=
SC-013 0
=
= - 0.4

D- 0 0

-02

E- 0 0

, : -0.0
A B

Predicted label

Fig. 7 Confusion matrix obtained by SVM training using five
attributes.
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Fig. 8 Spatial distributions of EMS-98 vulnerability obtained with the
SVM.

seismic performance, with the majority being classified as
D and E.

4.2  Seismic risk assessment in Jinan City

4.2.1 Vulnerability index

According to Eq. (9), the vulnerability index of the study
area is concentrated between 0.39 and 0.74, with an
average value of 0.53. This means that the buildings in
the area generally have medium to high seismic
resistance, but a certain proportion of buildings are still
vulnerable to seismic damage. When combined with the
spatial distribution diagram of the vulnerability index
(Fig. 9), it can be observed that buildings with high
vulnerability indices are mainly concentrated in the
Starting area and on the edges of the Eastern and Western
new urban areas. The majority of these areas are rural,
and the housing primarily consists of M3.1 and M3.3
structures lacking seismic fortification measures. On the
contrary, in areas that experienced early economic
development, such as the Old city district and its
surrounding areas, most buildings were converted into
frame structures, leading to lower vulnerability to seismic
damage.

4.2.2 Seismic risk analysis

Different seismic intensities would have varying effects
on the average seismic damage degree. The intensity of a
seismic event is typically directly proportional to the
energy and frequency of the seismic waves, resulting in a
stronger dynamic response of the building structure, and
consequently, increasing the likelihood of severe damage.
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Fig. 9 Spatial distribution of the seismic vulnerability index.

Therefore, evaluating the average seismic damage under
different seismic intensities is crucial. According to the
RISK-UE method, the seismic damage degree of
buildings was divided into six grades, ranging from
“None” to “Destruction”. The corresponding relationship
between the average seismic damage index and seismic
damage degree classification is shown in Table 4.

After obtaining the susceptibility index, the average
degree of seismic damage under seismic intensity (VI to
XI) was calculated using Eq. (10) in ArcGIS platform.
The spatial distribution of calculation results is shown in
Fig. 10. Figure 10(a) illustrates the spatial distribution of
seismic damage for seismic intensity VI, with an average
seismic damage index ranging from 0.08 to 0.52. The
degree of seismic damage is generally very low, with
None” and “Slight” being the main seismic damage
levels. Only a few buildings, mostly located to the east
and west of the Starting area, were slightly damaged. For
seismic intensity VII, as shown in Fig. 10(b), the damage
index is concentrated between 0.2 and 1.09. The number
of “Slight” damaged buildings increased compared to the
previous intensity level, with widespread minor damage
to buildings, and only a small number of undamaged
buildings mainly concentrated in central areas. When the
seismic intensity reached VIII, as depicted in Fig. 10(c),
“Moderate” damaged buildings began to appear. Most of

Table 4 Mean damage index values and corresponding damage states

463

the buildings in the Starting area, Western and Eastern
new urban district suffered “Moderate” damage, while
“Slight” damage was predominant in the central region.
Only a few buildings with strong seismic resistance were
not damaged. When the seismic intensity reaches 1X, as
depicted in Fig. 10(d), the mean seismic damage index is
1.79, with “Slight” and “Substantial to Heavy” being the
main degrees of seismic damage and an overall damage
degree of “Moderate”. It can be observed that buildings in
the northern region suffered “Substantial to Heavy”
seismic damage, while the buildings in the southern
region were mainly “Slight” damaged. When the seismic
intensity reaches X, as depicted in Fig. 10(e), the average
value of the seismic damage index is 2.7, with an overall
degree of seismic damage in the study area being
“Substantial to Heavy”. At the same time, the buildings in
the northern region and the buildings in the southern
marginal region suffered serious structural damage and
could not continue to be occupied. Figure 10(f) shows
that when the seismic intensity reaches XI, the average
seismic damage index exceeds 3.5, with almost all
buildings having structural damage, and the whole city
being destroyed. The proportions of damage grades under
different seismic intensities are shown in Fig. 11. The
results indicate that when the seismic intensity ranges
from VI to IX, the damage level of buildings is mainly
classified as “None” and “Slight”. Among them, the
proportion of buildings that experienced “Slight” damage
at seismic intensity IX is the highest, accounting for about
31%. In areas with seismic intensity X, a considerable
portion of buildings experienced “Very Heavy” damage,
accounting for about 50%. When the seismic intensity
reaches XI, all buildings were damaged at “Substantial to
heavy” and “Very Heavy” levels. The overall trend
indicates that the level of damage to buildings increases
gradually with the increase of seismic intensity.

In summary, the use of GIS in seismic risk assessment
provides valuable advantages such as data integration,
spatial analysis, and visualization, which can directly
display the spatial distribution of seismic damage and
contribute to urban management and planning. The
results of the study showed that different seismic
intensities have a significant impact on the degree of
seismic damage, with more severe intensities resulting in
more complex and stronger dynamic responses of

Mean damage index interval Most probable damage state Description

0.0-0.5 None No damage

0.5-1.5 Slight Negligible to slight damage

1.5-2.5 Moderate Slight structural, moderate non-structural
2.5-3.5 Substantial to Heavy Moderate structural, heavy non-structural
3.5-45 Very Heavy Heavy structural, very heavy non-structural
4.5-5.0 Destruction Very heavy structural, total, or nearly total collapse
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Fig. 10 The spatial distribution of seismic damage grade under different seismic intensities.

(d) IX (e) X
- None Slight Moderate
1001 C N
VII
» 804 VIII
£ IX
s X
2 601 . X1
G
o
S
g 40 A
f=]
3
o}
&~ 20 4
0- T T T
Y
S o
+ ,\\q}‘ 4@6
&
&
%Q'
Seismic damage grade
Fig. 11 The proportions of damage grades under different seismic

intensities.

building structures and causing more serious damage. The
spatial distribution of seismic damage was analyzed for
different intensities, ranging from “None” and “Slight”
damage at intensity VI to widespread “Substantial to
Heavy” damage at intensity IX, and ultimately leading to
the destruction of the entire city at intensity XI.

5 Discussion

This study proposes a seismic vulnerability assessment
method for buildings in rapidly urbanizing areas, such as
Jinan, spanning from individual buildings to blocks and

ultimately to the urban scale. Residential units were
divided into residential blocks, considering the
relationships among buildings, roads, and planning, with
the assumption that internal buildings share the same
attributes. The vulnerability levels were evaluated based
on the EMS-98 scale, and a reliable database was
established.

The study integrated multimodal data and field survey-
derived building attributes to employ the SVM method
for training and testing. The optimal proxy combination
between building attributes and vulnerability levels was
identified and subsequently applied to the urban scale.
The results show that the SVM method demonstrates
stability and high accuracy in vulnerability assessment,
making it advantageous for conducting vulnerability
assessments in data-limited situations.

The findings of this study demonstrate the distribution
of buildings with poor seismic performance in Jinan’s
central urban area and the spatial pattern of damage under
seismic intensities ranging from VI to XI. Significant
differences in building damage levels across regions can
be attributed to variations in building structure types,
construction periods, and economic development levels.
Buildings in rural areas, often constructed with outdated
brick-wood and brick-concrete structures lacking seismic
fortification, exhibit poor seismic performance and are
highly susceptible to damage during earthquakes. In
contrast, buildings in new urban areas predominantly
adopt frame-shear wall structures, characterized by higher
construction quality and modern seismic design, resulting
in better overall seismic performance. Furthermore,
economically developed areas such as the old urban
district and its surrounding regions have undergone urban
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renewal and reconstruction, leading to the widespread
adoption of frame structures and modern seismic designs.
Consequently, these areas exhibit lower vulnerability
indices.

Seismic risk assessment involves several uncertainties,
such as the probability of earthquake occurrence,
magnitude, focal depth, and the complexity and diversity
of building structures, all of which may affect the
assessment results. Additionally, this study assumes
uniform building attributes within a block, which is a
simplified assumption that may overlook subtle
differences between buildings within the same region,
potentially impacting assessment accuracy. Future
research should incorporate uncertainty analyses, such as
sensitivity analysis or Monte Carlo simulations, to
quantify the robustness of the assessment results.
Moreover, deep learning technologies could be integrated
to further improve the efficiency of data acquisition and
processing, for instance, by using remote sensing images
to automatically extract building information. This would
reduce manual intervention costs and enhance the
accuracy and applicability of the assessment results.

Furthermore, future research should perform broader
data validation to improve the reliability and
generalizability of the assessment results. Specifically,
more detailed seismic damage data could be collected
from other large-scale cities that have experienced major
earthquakes. By comparing and validating the proposed
method under varying geographic and building
conditions, the applicability and robustness of the method
can be evaluated. This will help optimize model
parameters, enhance the generalizability of the
assessment method, and provide scientific support for
seismic vulnerability assessment at regional and even
global scales.

In conclusion, the method proposed in this study offers
a low-cost, high-efficiency solution for assessing building
vulnerability in regions with low to moderate seismic
risk, demonstrating strong practical application value.
Future work can focus on optimizing the method,
reducing uncertainty impacts, and promoting its
application in cities with diverse seismic risk contexts.

6 Policy and practical recommendations

Based on the findings of this study, the following policy
and practical recommendations are proposed. 1)
Strengthening Seismic Retrofitting for High-Vulnerability
Buildings: priority should be given to seismic evaluation
and retrofitting projects for buildings in the northern
Starting Area and rural areas in the north-west and south-
west. 2) Optimizing Urban Planning and Renewal: urban
renewal projects should implement high seismic
standards, replacing or retrofitting old buildings. 3)
Enhancing  Disaster =~ Warning and  Emergency
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Management: evacuation plans for key areas should be
developed wusing GIS-based analysis to improve
emergency response efficiency.

For densely populated cities and regions with rapid
urbanization, it is essential to scientifically improve urban
seismic performance through efficient and cost-effective
methods.

7 Conclusions

In this study, we conducted a seismic vulnerability and
risk assessment in the central urban area of Jinan City
through a comprehensive and integrated method
employing multimodal data and ML. First, multimodal
data including remote sensing images, land and
transportation planning data, and street view images, were
used to collect building attribute information instead of
traditional field survey methods. An in situ area was
selected to determine the vulnerability of buildings based
on the EMS-98 scale. Next, the best proxy between
building attributes and vulnerability was established using
the SVM method and applied to the entire study area to
obtain the vulnerability of the entire area. Lastly, the
degree of destruction of buildings in Jinan City at various
seismic intensities of VI, VII, VIII, IX, X, and XI was
calculated and displayed in the GIS environment. The
main conclusions of this study are as follows.

1) After applying the best proxy between building
attributes and vulnerability to the entire study area, the
spatial distribution of vulnerability shows that there are
few buildings with vulnerability level A (most
vulnerable). Most of these buildings are distributed in the
north-west and south-west rural areas of Jinan.

2) The average VIM index of the central urban area of
Jinan is 0.53, indicating that the seismic performance of
buildings is generally satisfactory. However, the seismic
performance of some buildings in certain areas, such as
the Starting area in the north and the edge areas of the
East and West new urban areas, is deficient.

3) When the seismic intensity is below level VIII, the
city suffers only “Moderate” damage. When the seismic
intensity reaches level IX or above, the damage to the
urban area is severe. At this point, the structural damage
to buildings will be more severe, and many buildings may
be unusable. When the seismic intensity reaches level IX
or above, residents in the city need to evacuate
immediately to avoid possible catastrophic consequences,
especially in the Starting area and the old densely
populated urban areas.

This study provides a reference for seismic
vulnerability assessments in developing countries,
helping to mitigate direct economic losses from

earthquakes. It also supports SDG 11, emphasizing its
practical significance.
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