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Abstract

Flooding is among the most damaging natural disasters, threatening public safety, causing loss of life and eco-
nomic disruption, and degrading the resilience of heavy civil infrastructure, including urban railway networks.
This study aims to develop a machine-learning-based assessment framework for the flood susceptibility of rail-
way network corridors in the Chiang Mai Comprehensive Plan Area, Thailand. By integrating the Random
Forest (RF) algorithm with a Geographic Information System (GIS), the research analyzed five spatial param-
eters: land use, land cover, elevation, slope, and distance to rivers to identify flood-susceptible sections along
the railway network. A probability thresholding technique was applied with a threshold of 0.70 to address
prediction errors arising from imbalanced data effectively. The evaluation results demonstrated that the RF
model performed effectively, achieving an overall accuracy of 88.2% and an Area Under the Curve (AUC) of
0.863. Feature importance analysis revealed that distance to rivers and land use were the most influential fac-
tors driving railway susceptibility. The generated susceptibility map aligns closely with historical flood records,
highlighting, from the 2024 event, high-risk clusters in river plains and the city center. Ultimately, these find-
ings can assist engineers and urban planners in flood risk management and the sustainable development and
resiliency of railway infrastructure.
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1. Introduction

Current climate change directly affects the hydrological cycle, causing more intense and frequent
heavy rainfall than in the past. This is a major factor contributing to flood crises and severe damage to
the economy and urban infrastructure. Thailand is one of the countries most continuously affected by
flooding. This susceptibility is primarily caused by its tropical monsoon climate and geographically
flood-susceptible river basins, coupled with extensive land-use changes and inadequate drainage in-
frastructure [1]. Chiang Mai province, in particular, serves as a case study that clearly showcases this
issue. Although the province’s overall topography consists predominantly of highlands and moun-
tains, the railway corridor exhibits significant physical susceptibility because it lies in the upper Ping
River basin and is surrounded by high mountains. This geography makes the area along the railway a
natural drainage basin within a catchment [2]. In addition, Chiang Mai is an important economic and
cultural tourism center that attracts tourists and generates substantial revenues. Rapid urban expan-
sion requires spatial management to balance preserving the old city with supporting sustainable urban
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growth, given the old city’s flood susceptibility, which is exacerbated by altered natural drainage pat-
terns and increased impervious surface coverage [3]. Consequently, the city experiences severe and
widespread damage from urban flooding [4].

The railway system is a key infrastructure that drives the regional economy by efficiently, eco-
nomically, and safely moving large numbers of passengers and goods [5]. However, as an extensive
linear infrastructure, it fundamentally modifies existing topographic and hydrological systems, mak-
ing effective water management and track stability critical challenges [6]. Therefore, the railway route
acts as a core link for trade and tourism between the North and other parts of the country. Continuous
train operation is vital to maintaining economic balance. If floods disrupt transportation, they directly
affect the city’s logistics and revenues. Moreover, during flood crises when many roads are cut off,
the railway must serve as a reliable alternative for mass transit. Therefore, studying and predicting the
susceptibility points of the railway is not just a local flood solution. Rather, this effort enhances the
national transportation system’s capacity to withstand climate-related flooding and improves overall
climate resilience [7].

To design railway infrastructure that avoids o __own oo sioe s o s

flood-susceptible points, it is necessary to have
a deep understanding of the surrounding area’s
physical characteristics. Under land use regu-
lations, the Chiang Mai railway system passes
through areas with diverse physical characteris-
tics. It starts by crossing the city center, a com-
mercial, high-density residential zone (red zone).
Then, the route extends to the outer ring area,
which includes a medium-density residential zone
(orange) and a low-density residential zone (yel-
low). Before reaching the suburbs, most of the
route passes through the rural and agricultural
zone (green zone), which serves as an open area
for natural water infiltration. Because the rail-
way passes through the city center (red and orange
zones), which has a high proportion of imper-
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meable surfaces, the water infiltration rate drops
significantly. This causes surface runoff to flow
quickly into the railway structures during heavy
rain [8], as shown in Fig. 1.

The rapid urban expansion in Chiang Mai increases the flood risk for railway infrastructure pass-
ing through urban areas, as seen in the 2011 and 2024 flood events [9, 10]. This problem is caused
by two main factors: the Ping River overflowing its banks and urban waterlogging [10, 11]. Bank
overflow occurs when accumulated rainfall exceeds the river’s capacity. Meanwhile, waterlogging
along the railway tends to concentrate at specific flood-susceptible points, which are localized sec-
tions of the track highly susceptible to inundation due to topographic depressions and inadequate
drainage infrastructure [12]. This results from changing natural areas that could previously absorb
water (pervious surfaces) into roads, buildings, and concrete yards, which are impervious surfaces.
Under these conditions, heavy rain increases surface runoff, which quickly floods the railway tracks
beyond the drainage system’s capacity to handle [11]. Furthermore, if a river overflows during a

Figure 1. Map of the study area showing the
railway alignment across urban land use zones in
Chiang Mai. (EPSG:32647)
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heavy rain event, both factors will combine to increase flood severity, significantly affecting train op-
erations. Therefore, rather than analyzing dynamic meteorological variables such as rainfall intensity,
assessing railway flood susceptibility requires focusing on the terrain’s inherent physical character-
istics. Evaluating static spatial parameters such as topography, river proximity, and land use helps
identify exactly why a specific section is susceptible to inundation after a rain event. This parsimo-
nious approach ensures the assessment framework remains highly practical and easily deployable for
engineering applications.

Assessing railway flood susceptibility is difficult because of complex physical and urban factors.
Traditional flood models require too much data for large-scale assessments. Recently, machine learn-
ing approaches have been applied to evaluate general flood susceptibility and infrastructure risks in
various global contexts [13, 14]. Furthermore, broader studies have assessed the impacts of extreme
weather on transportation networks, such as flood-induced road disruptions [15] and large-scale multi-
hazard risks to railways [16]. However, despite this growing body of international research, empirical
studies focusing specifically on localized, machine-learning-based spatial assessments for railway
corridors in Thailand remain limited.

To support flood-resilient infrastructure planning, this study aims to develop a machine-learning-
based flood-susceptibility assessment framework for railway networks in Chiang Mai. The Random
Forest (RF) algorithm is applied because it excels at handling complex spatial data and is robust to
the inherently imbalanced nature of flood datasets, in which non-flooded areas typically significantly
outnumber flooded areas [17]. By mitigating majority class bias and preventing overfitting, the RF
model ensures reliable predictions. Furthermore, this framework balances predictive performance
with engineering interpretability. By coupling feature importance analysis with a spatial susceptibility
map, the model provides an empirical tool to support decision-making. Specifically, it identifies
critical spatial factors to help new railway alignments avoid highly susceptible zones. Where crossing
flood-susceptible urban areas is unavoidable, these spatial insights serve as an essential database for
planning targeted preventive measures, such as timely rerouting, elevating railway embankments, and
improving sub-track drainage, thereby effectively managing future risks to the railway system.

2. Literature review

This study used a literature review as a conceptual framework to develop a predictive model
of flood susceptibility points. The study was divided into three main parts: 1) identifying flood-
susceptible areas to prepare the target dataset (dependent variable), 2) analyzing susceptibility indica-
tors to select suitable physical and environmental factors as independent variables, and 3) reviewing
approaches for applying the Decision Tree (DT) technique to enhance the model’s performance and
precision in assessing railway infrastructure in Chiang Mai Province.

2.1. Flood susceptibility identification

Developing a predictive model for flood susceptibility points requires selecting independent and
dependent variables that align with the study area’s physical characteristics. Historical flood maps
can be collected as a dependent variable using the following main approaches.

a. Hydraulic modeling

Modeling is a standard method for analyzing and creating flood maps for use as dependent vari-
able data. Bentivoglio et al. [18] applied this model to analyze flooded areas by return period to train
Machine Learning models. However, this method has limitations in its application across areas with
different environmental contexts. In addition, Krishnachaithanya et al. [19] stated that this model
requires complex and highly detailed input data, which is a major obstacle in data-scarce areas. This
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aligns with Alexopoulos et al. [20], who noted that the model’s accuracy depends directly on the
quality of the initial data. If the spatial data used is inaccurate, the results will not correctly reflect the
actual flood situation.

b. Remote sensing

Remote sensing technology is an important tool for creating flood-map databases that can serve as
dependent variables. Satellite data is suitable for broad-level overview assessments. Wu et al. [21] ap-
plied satellite data and Deep Learning techniques to detect flooded areas in near real time, effectively
mitigating the traditional limitation of cloud cover during the rainy season. For cases requiring high
resolution, using drones (Unmanned Aerial Vehicles: UAVs) is an effective alternative. Wienhold et
al. [22] used high-resolution drone imagery to map and measure water depths.

However, remote sensing technology has limitations to consider. For satellite data, Krishnachaithanya
et al. [19] stated that in densely built urban areas, signals are often obscured by high-rise buildings
and roofs, making it difficult to identify actual flooded areas. Furthermore, the satellite’s limited re-
visit time may prevent the timely recording of flood events [21]. Meanwhile, regarding drone use,
Wienhold et al. [22] identified significant obstacles posed by unfavorable weather conditions, such
as heavy rain and strong winds, which often occur during floods. Drones also have flight time limits
due to battery capacity and legal barriers that prohibit flying in certain areas, such as near airports or
security zones.

c. Ground truth data collection

To mitigate the limitations of hydrodynamic modeling and remote sensing, field surveys of flood
marks are an effective tool for data collection because they provide empirical evidence. Wiithrich
et al. [23] stated that accurate flood risk assessment requires field visits and interviews with locals
to confirm the true extent and depth of the water, which greatly reduces model errors. Similarly,
Khosravi et al. [24] confirmed that creating a flood-area database for use as a dependent variable in
urban areas requires field survey data combined with Global Positioning System (GPS) coordinates of
flooded locations. This method helps reduce errors and provides highly reliable ground truth data for
training the model. However, field surveys have significant limitations in terms of cost and resources.
Surveying large areas requires significant labor, time, and travel costs. Additionally, there is a time
constraint to rapidly collect data immediately after the water recedes to record flood marks before the
evidence fades or is cleaned up [25].

d. Classification of flood susceptibility

Once historical flood data have been compiled, the next phase involves categorizing this infor-
mation to define the dependent variable. This classification scheme is critical to model design, as
the method chosen for data grouping significantly impacts the model’s predictive accuracy. Existing
research typically utilizes two main frameworks: multi-class and binary class classification. 1) Multi-
class classification approaches categorize susceptibility into several tiers, which helps in identifying
detailed patterns within complex environments. The most prevalent technique uses a five-level scale.
For example, Yaseen [26] applied statistical and remote sensing analysis to map flood susceptibility
in the Ganga River basin, using five categories ranging from "Very High" to "Very Low" to enable
granular assessment. Similar studies, such as Pradhan et al. [27], have integrated Explainable Artifi-
cial Intelligence (XAI) with traditional Al models to classify flood risks using this five-tier structure,
while Jodhani et al. [28] emphasized that this degree of detail is essential for effective spatial priori-
tization. Alternative systems include a four-tier scale, in which low-risk categories are often merged
to highlight areas of high susceptibility. Chowdhuri et al. [29], for instance, used the Natural Breaks
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method to define indices, collapsing the "Very Low" and "Low" categories to reduce interpretative
complexity. Others, like Damayanti et al. [30], prefer a three-tier model (High, Moderate, Low),
which is often prioritized when the goal is to simplify data presentation for spatial management and
policy-making. 2) Binary class Classification simplifies the spatial analysis by separating disaster-
prone regions from safe zones. This method assigns values of 1 to areas that experienced flooding
and O to those that did not. This framework is a standard approach in machine learning, used in
research by [31-33] to prepare target datasets for predictive analysis. A common challenge in flood
data classification, regardless of the chosen framework, is imbalanced datasets. Because non-flooded
areas (Class 0) significantly outnumber flooded areas (Class 1), models often exhibit bias toward the
majority class, thereby sacrificing the ability to identify the critical, flood-susceptible areas that are
the actual focus of the study [34, 35]. Standard accuracy scores can be misleading in these cases,
as a model that labels everything as "safe" can still report high accuracy. Consequently, this study
prioritizes evaluation metrics that are more sensitive to class imbalance, including Precision, Recall,
F1-Score, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC) [36, 37]. Ul-
timately, a binary classification approach (0 and 1) is adopted here to streamline data processing,
allowing the model to concentrate specifically on the physical markers of flood susceptibility, which
is the core requirement for urban planning and railway safety.

2.2. Factors influencing flood susceptibility

Determining flood susceptibility indicators is an important step in developing the model. This
study uses the variable set from Sitthikankun et al. [38], which applied the standard Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses (PRISMA) approach for a systematic literature
review to extract the main factors influencing urban flooding. The factors considered are as follows.

a. Land use (X1)

Land use reflects the physical changes of an area, which directly affects the flow direction and
the water infiltration capacity of the soil surface. Highly developed areas are often covered with
impervious surfaces, such as roads, concrete yards, and buildings, which significantly reduce water
retention capacity and increase surface runoff [12]. In addition, urban expansion without proper
planning, such as encroaching on natural areas or building infrastructure that blocks waterways, will
inevitably create more points of susceptibility in those areas [39].

b. Land cover (X2)

Land cover is a physical factor that affects surface water behavior and infiltration rates. Areas
covered with vegetation, forests, or grasslands have the potential to retain and slow water flow, thereby
reducing surface runoff. Tang et al. [40] stated that changes in land cover, especially the reduction of
green areas and their replacement by buildings, will significantly decrease the drainage and infiltration
capacity of the soil surface.

c. Elevation (X3)

Elevation, derived from a Digital Elevation Model (DEM), is a variable that reflects topography
and plays an important role in identifying risk areas. Low-lying or basin-like areas often experience
repeated waterlogging [41]. Furthermore, Rentschler et al. [39] found that current urban expansion
often encroaches on low-lying areas, thereby increasing flood susceptibility. Additionally, DEM data
serves as the initial database for calculating slope, which directly influences the direction of water
flow.
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d. Slope (X4)

Slope is a key variable that controls runoff speed and the time to concentration. High-slope ar-
eas cause water to flow quickly, reducing infiltration time and increasing the risk of flash floods.
Conversely, flat or low-slope areas delay drainage, cause water accumulation, and lead to prolonged
waterlogging [41]. Therefore, accurately assessing flood susceptibility points always requires consid-
ering the slope factor alongside elevation.

e. Distance to rivers (X5)

Areas near rivers are at high risk of bank overflow, especially when runoff volume exceeds the
river’s capacity. A. Saleh et al. [42] stated that distance to rivers is a key variable in assessing flood
susceptibility because riverbank areas are the first to be affected. Moreover, Yaseen [26] noted that
areas near rivers often serve as natural drainage routes. During heavy rain, water from surrounding
areas will converge, making these areas more susceptible to waterlogging than those farther away.

When developing Machine Learning models with multiple independent variables, multicollinear-
ity, or the correlation among variables, is a common problem. This can affect precision and cause bias
in ranking feature importance. To solve this problem, the Variance Inflation Factor (VIF) analysis is
used to test linear relationships. An appropriate VIF value should not exceed 5 or 10 [43]. If the
variables meet this criterion, they are considered independent and ready to be used to train the model.

For prediction, this study applied the RF model. The RF algorithm relies on the Bagging (Boot-
strap Aggregating) technique, creating multiple decision trees that work together to reduce variance
and prevent overfitting. The working process of RF consists of three main steps: 1) Bootstrap Sam-
pling to create data subsets, 2) Tree Building by randomly selecting a group of variables at each node
to create diversity, and 3) collecting results through Majority Voting. With its ability to handle large,
complex datasets with noise effectively, the RF model is an efficient and widely popular tool [44, 45]

To summarize the literature, although machine learning models are widely applied for general
flood prediction, localized susceptibility assessments specific to railway corridors remain limited.
This study synthesizes these advanced predictive techniques to address this gap within the Chiang
Mai railway system. The proposed framework is an essential engineering tool. By generating highly
reliable flood susceptibility maps, it establishes a reliable, data-driven foundation for supporting en-
gineering decision-making. Consequently, this approach not only enhances effective railway man-
agement and risk mitigation but also plays a vital role in promoting sustainable railway infrastructure
development.

3. Research methodology

To develop a model for assessing flood-susceptibility areas along the railway route using the
RF algorithm, this study established an operational framework consisting of three main steps: 1) data
management using a GIS, 2) Machine Learning model creation and managing the overfitting problem,
and 3) analysis using the RF model and spatial result integration.

This study used Quantum Geographic Information System (QGIS), an open-source GIS, as the
primary tool for analyzing and managing spatial data. Key data, including flood extent boundaries,
flood susceptibility points, and the railway alignment, were prepared in a polygon vector format.
Defining clear coordinates and spatial boundaries helps ensure high accuracy and efficiency when
analyzing the data using overlay analysis with other environmental factors [46]. The implementation
details are as follows.
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3.1. Field survey and GIS data preparation

Preparing a spatial database is a fundamental step in creating a dataset to assess flood suscepti-
bility. In this study, the input data structure was divided into three parts: 1) actual flood extent data
from field surveys, 2) flood susceptibility factor data, which serve as independent variables, and 3)
9,450 spatial points generated within a 1-kilometer buffer along the railway corridor, which serve as
reference locations for identifying risk levels. Then, all data were processed together in a GIS using
overlay analysis to prepare the input data for training the model in the next step.

a. Flood extent data collection

This study relies on empirical data from field s oos  wmo  vow  sow s s
surveys of flood marks to determine the actual ex- : ' 1 :
tent of the 2024 flood. This dataset was selected g :
because it represents the most recent and severe
flood and accurately reflects current urban and : 4

physical conditions. While validating the model
against historical events such as the 2011 flood
would be ideal, the methodology fundamentally
relies on physical flood marks to obtain highly
reliable ground-truth data. Since the 2011 event
occurred over a decade ago, those physical traces
have completely disappeared, making it impossi-
ble to collect reliable field data for independent
validation. It integrates data with the urban flood
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tion and mitigation agency during the field visit,
which identified waterlogged areas along the rail-
way route and in surrounding areas. This ensures
that the data is as accurate and comprehensive as possible. The field data collection process consists
of five main steps as follows: 1) Georeferencing: Recording the measurement point code, loca-
tion details, and geographic coordinates (latitude-longitude) using a GPS receiver. 2) Water Depth
Measurement: Measuring the water depth from flood marks appearing on electric poles or nearby
structures using a leveling instrument. The road surface level at the base of the pole is used as the
initial reference point (+0.000 meters). 3) Benchmarking: Marking the high-water mark at the survey
point to serve as physical reference evidence. 4) Database Entry: Compiling the measurement point
codes, coordinates, and water depth values, and recording them into a central database system. 5)
Flood Extent Mapping: Processing the coordinate and depth data to draw the inundation boundary on
a digital map system.

After completing this process, all data were exported and converted into a spatial data layer in the
GIS. This prepares the target data (dependent variable) for analysis using overlay analysis with other
physical susceptibility factors of the railway route in the next step. The resulting spatial distribution
of the 2024 flood extent relative to the railway alignment is visually presented in Fig. 2. This figure
highlights the specific sections of the railway network that intersect with flooded zones, providing a
clear empirical basis for establishing the ground-truth dataset used in the subsequent modeling phase.

Figure 2. Flood map and railway route in Chiang
Mai Province (2024) (EPSG:32647)
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b. Flood conditioning factors

To prepare spatial factor data that influence flood susceptibility for use as independent variables,
this study collected and created data layers from various sources. This consists of five factors as
follows: 1) Land Use involves modifying and reclassifying land use types based on the color-coded
zoning regulations of the Chiang Mai Comprehensive Town Planning Law. 2) Land Cover for the year
2024 was extracted from the Google Dynamic World (V1) product accessed via Google Earth Engine
(GEE). This globally validated dataset offers a 10-meter spatial resolution derived from Sentinel-2 im-
agery, with its baseline classification driven by a deep learning Fully Convolutional Neural Network
(FCNN) achieving a reported overall agreement of 73.8% [48]. To specifically tailor this dataset for
flood susceptibility assessment, the original land cover classes were reclassified into three hydrolog-
ically significant categories: Impervious surface, Pervious surface, and Water surface. 3) Elevation
was acquired using the NASADEM dataset accessed via GEE. While NASADEM has a native spatial
resolution of 30 meters, it was systematically resampled to 10 meters during data extraction to main-
tain strict spatial uniformity across all analytical inputs. 4) Slope was determined by further analyzing
the 10-meter resampled DEM data using spatial analysis tools in QGIS to calculate the percentage
of the area’s slope. 5) Distance to River includes creating a main river line data layer to analyze the
spatial distance from the Ping River.

c. Target dataset generation

To define the study area boundary, a 1-kilometer buffer zone was created on each side of the
railway alignment. Within this buffer corridor, a spatial dataset of 9,450 representative points was
generated to cover the entire study area. A spatial overlay analysis was then performed by intersecting
these points with the 2024 empirical flood extent boundary. Binary target labels were assigned by
designating points located inside the flood boundary as flood-susceptible (value of 1) and points
located outside the flood boundary but within the 1-km buffer zone as non-susceptible (value of 0).
Among the 9,450 data points, 8,200 points were classified as susceptible areas (Class 1) and 1,250
points as non-susceptible areas (Class 0), resulting in a Class 1 to Class 0 ratio of approximately
6.56:1. This exact distribution confirms that, for this specific localized buffer during an extreme
event, the flooded areas actually represent the majority class. This spatial sampling process provided
a comprehensive and representative dataset for model training and evaluation.

3.2. Machine learning model development

The quality and completeness of the dataset are fundamental factors affecting the model’s perfor-
mance. Therefore, this study systematically split the data into two main sets. This process is used to
evaluate the model’s ability to predict accurately on unseen data. It also establishes a mechanism to
prevent overfitting, as detailed in the steps shown in Fig. 3.

a. Data splitting and validation strategy

To ensure the model’s learning process was efficient, this study divided the entire dataset into
80% for training and 20% for testing. This data-splitting approach is a standard practice in spatial
modeling, helping to ensure that the training and testing sets adequately represent the underlying data
distribution, enabling reliable evaluation [49].
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b. Statistical analysis and evaluation metrics

To ensure the reliability of the independent variables prior to model training, a VIF analysis was
conducted to detect multicollinearity. A VIF threshold of less than 5 was established to confirm that
the spatial variables were independent. Furthermore, to evaluate the RF model’s predictive perfor-
mance, the test set was evaluated using standard statistical metrics. The selected metrics included
Accuracy, Precision, Recall, F1-Score, and the AUC-ROC. These specific metrics were chosen to
provide a comprehensive evaluation of the model’s performance.

Furthermore, because standard Gini impurity-
based feature importance is inherently biased
toward continuous or high-cardinality variables [50],
this study implemented Permutation Feature Im- — Da Splitting \
portance [51]. This evaluation method ensures v I v
that the identified spatial drivers represent true ““‘i‘l‘gse‘w% T“‘“‘gST”O%
physical signals rather than mathematical artifacts.

Random Forest (RF)

Threshold =0.7

C Machine Learning Model Development >

¢. Model implementation

To implement the RF algorithm for flood sus-
ceptibility assessment, this study used Python and <03 (Flood)
the scikit-learn library. To ensure strict repro-
ducibility and enable exact replication of the re-
sults, a fixed random seed (SEED = 42) was ap-
plied across data partitioning, SMOTE oversam-
pling, and model initialization. The hyperparame-
ters of the RF Classifier were configured with 200
trees (n_estimators = 200) and a ’balanced’ class

207 Non-flood)

Final Trained Model

Model Performance?

Accepted

weight (class_weight = *balanced’) to handle class Final Random Forest (RF)Model
imbalance. In contrast, the remaining hyperpa-

rameters (such as maximum tree depth and min- Figure 3. Machine learning framework and
imum samples per leaf) were set to the library’s overfitting validation

default values.

4. Results and discussion

The data analysis and model performance evaluation are presented in accordance with the study’s
sequential steps. It begins by analyzing the historical flood location database and examining rela-
tionships among factors using the DT technique. It also includes creating a model to map flood
susceptibility points along the railway alignment and analyzing the physical factors that influence this
susceptibility.

4.1. Multicollinearity analysis

Before entering the modeling process, checking the VIF is crucial to prevent data redundancy,
which could lead to errors in evaluating feature importance [43, 52]. This study assessed multi-
collinearity among all five flood risk factors. The verification results, as shown in Table 1, clearly
indicate that the VIF values for all factors are below the specified threshold (5). These results confirm
that all independent variables are independent of one another, free of multicollinearity, and well-suited
for training the model in the next step.
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Table 1. VIF values of the flood conditioning factors

Factors VIF
Elevation (X3) 1.120
Distance to River (X5) 1.068
Slope (X4) 1.040
Land Use (X1) 1.025
Land Cover (X2) 1.016

4.2. Model performance evaluation

The model’s capability to predict flood-susceptible areas was assessed by testing it on the previ-
ously partitioned test dataset. This evaluation relied on four statistical performance indicators: Accu-
racy, Precision, Recall, and F1-Score. This ensures that the measurement is comprehensive and robust
to imbalanced data. The performance evaluation results of the RF model are detailed in Table 2.

Table 2. Predictive performance of the RF model computed at the 0.70 probability threshold

Class Support (n) Precision Recall F1-Score
Class 0 (Non-susceptible) 344 0.532 0.552 0.542
Class 1 (Susceptible) 2,378 0.935 0.930 0.932

(Note: Overall Accuracy = 0.882, AUC = 0.863)

Table 3. Confusion matrix of the RF model at the 0.70 probability threshold

Actual / Predicted Predicted Class 0 Predicted Class 1
Actual Class 0 190 (TN) 154 (FP)
Actual Class 1 167 (FN) 2211 (TP)

a. Performance of models

Evaluating the RF model on the test set using the adjusted 0.70 probability threshold yields an
overall accuracy of 0.882 and an AUC of 0.863. The detailed distribution of these predictions is
cross-tabulated in the confusion matrix (Table 3). However, considering the classification results at
the subgroup level, the limitations due to the imbalanced dataset are clearly evident. For the non-
susceptible areas (Class 0, n = 344), the model shows limited performance, with recall and precision
values of 0.544 and 0.529, respectively. As explicitly shown in Table 3, this limitation is reflected by
the 154 instances where safe areas were misclassified as risk areas (False Positives). Conversely, when
considering the study’s primary target, the susceptible areas (Class 1), the model demonstrates high
efficiency in detecting spatial characteristics. According to Table 3, the model successfully predicted
2,211 True Positives with only 167 False Negatives. It achieves a precision of 0.930, a recall of 0.926,
and an F1-score of 0.928.

Therefore, in the context of railway engineering risk management, achieving a recall of 0.926 for
detecting susceptible areas successfully meets the study’s main objective. In practice, overestimating
risk (False Positive) has less impact than neglecting actual susceptible areas (False Negative), which
could lead to severe damage to infrastructure and operational stability. Consequently, the RF model
is an effective and practical approach for analyzing spatial susceptibility points in subsequent steps.
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While this study successfully establishes a foundational predictive framework using a standard
80/20 random data split, an important methodological consideration regarding spatial autocorrela-
tion warrants attention. Because the dataset consists of 9,450 points within a confined 1 km buffer
along the railway corridor, neighboring points inherently share similar geographical characteristics.
Consequently, a purely random split may introduce spatial data leakage, which could influence the
high predictive metrics observed (such as ~0.93 for Class 1). To further refine this approach, fu-
ture research should implement spatial block or cluster cross-validation strategies [53] to completely
mitigate potential spatial leakage and provide an even more rigorous evaluation.

b. Analysis of receiver operating characteristic (ROC) curve

The evaluation of the model’s overall classification capability was conducted using the ROC curve
and the AUC, as detailed in Fig. 4.

ROC Curve (RF Custom Threshold 0.7)
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True Positive Rate
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@
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0.0 —— Random Forest (AUC = 0.863)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4. ROC curve

The ROC curve of the RF model clearly points toward the top-left corner of the graph. This
reflects a high efficiency in correctly classifying flood-susceptible areas (True Positive Rate) coupled
with a low False Positive Rate. Furthermore, the model’s AUC of 0.863 confirms the stability and
reliability of the analysis results. These statistical data clearly demonstrate that the RF model has
sufficient capability and precision to create a map of flood-susceptibility points. This map will serve
as a supporting database for engineering planning and risk management along the railway route in
Chiang Mai province.

4.3. Railway flood susceptibility map

To address this, the Probability Threshold Moving technique was applied. A Precision-Recall vs.
Threshold analysis was conducted, and the dynamic trade-offs among these evaluation metrics are
explicitly visualized in Fig. 5. As illustrated in Fig. 5, while mathematically maximizing the standard
F1-score points to a lower threshold (0.12), adopting this purely mathematical optimum is impractical
for disaster risk management due to the severe penalties of underprediction.

While mathematically maximizing the standard F1-score points to a lower threshold (0.12), adopt-
ing this purely mathematical optimum is impractical for disaster risk management due to the severe
penalties of underprediction. In railway engineering, neglecting actual susceptible areas (False Neg-
ative) results in far more severe consequences than overestimating risk (False Positive).
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Figure 5. Precision, Recall and F1-Score across various probability thresholds for quantitative threshold
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The initial feature importance analysis derived
from the RF model (Table 4) indicated that contin-
uous variables, specifically distance to rivers and
elevation, were the most strongly influential fac-
tors, with initial weights of 0.310 and 0.293, respectively. However, it is important to note that the
standard default method for calculating feature importance in tree-based models relies on impurity
reduction, commonly known as Gini importance. Because impurity-based metrics are known to be
inherently biased toward continuous or high-cardinality predictors compared to categorical ones (such
as land use and land cover), a more rigorous validation was necessary. To ensure that the observed
rankings reflect pure physical signals rather than artifacts of the evaluation metric, Permutation Fea-
ture Importance was further evaluated on the test set.
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The permutation analysis (Table 4) effectively addressed the metric bias and revealed a crucial
shift in the variable rankings. Distance to Rivers robustly maintained its position as the most dominant
predictive factor (mean accuracy decrease score of 0.1398), confirming it as a true physical driver.
Interestingly, Land Use (X1), a categorical variable, emerged as the second most influential factor
(score: 0.0316), successfully surpassing elevation (score: 0.0163). This shift confirms that the initial
dominance of elevation over land use was partly a metric artifact. Nevertheless, despite the rank swap
between the second and third positions, the top three most influential variables, Distance to River,
Land Use, and Elevation, ultimately remained consistent, firmly establishing their core significance
in the model.

These validated results are physically plausible and highly consistent with the basin-plain setting
of the study area. In this relatively flat terrain, the proximity to water bodies (Distance to River)
dictates the primary hydrological flood exposure. Concurrently, land use patterns, which govern
surface runoff and urban drainage capacities, exert a stronger influence on localized flooding than
subtle topographical changes (Elevation). Furthermore, while VIF confirmed the absence of linear
multicollinearity, it is vital to conceptually distinguish the specific roles of land use and land cover.
Land cover characterizes the immediate physical surface materials, categorized as impervious, per-
vious, and water surfaces, which directly dictate localized water infiltration rates. In contrast, land
use reflects broader socio-economic boundaries and regulatory zoning that govern overall urban in-
frastructure. Because a single land-use zone can contain a diverse mix of land cover types, retaining
both variables ensures that the model effectively captures both microscopic surface hydrology and
macroscopic urban planning factors. Consequently, slope (-0.0037) demonstrated a negligible role,
which is logical for a flat topography. Ultimately, this interpretable workflow confirms that hydro-
logical proximity and urban structural modifications are the primary spatial variables for screening
flood-susceptible sections along the railway corridors.

Table 4. Feature importance analysis comparing standard Gini impurity and Permutation importance of the
Random Forest model

Factors Random Forest Permutation Importance (Mean + SD)
Distance to River (X5) 0.310 0.1398 + 0.0064
Land Use (X1) 0.255 0.0316 + 0.0049
Elevation (X3) 0.293 0.0163 + 0.0029
Land Cover (X2) 0.038 —0.0026 + 0.0022
Slope (X4) 0.104 —0.0037 + 0.0053

5. Conclusion

The primary objective of this study was to develop a machine-learning-based flood susceptibility
assessment framework for railway networks in Chiang Mai, Thailand. It used the RF algorithm as
the primary analytical tool to strike an optimal balance between predictive performance and engineer-
ing interpretability. The results demonstrate that this model is an effective approach for assessing the
physical susceptibility of railway systems, achieving an overall accuracy of 88.2% and a classification
efficiency (AUC) of 0.863. Furthermore, the model’s ability to analyze feature importance effectively
mitigates the computational complexity often associated with advanced black-box algorithms, ensur-
ing that the developed susceptibility map is both practically useful and physically explainable.

The feature importance analysis confirmed that hydrological and urban factors exert the strongest
influence on railway route susceptibility. In particular, distance to the river and land use were identi-
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fied as the most dominant predictive drivers, followed by elevation. Additionally, the VIF verification
confirmed that all independent variables are statistically independent and fall well within standard
acceptable criteria. These outcomes indicate that the basin topography, the proximity of the railway
alignment to the main river, and the concentration of urban development governed by comprehen-
sive town planning are key variables driving repeated embankment flooding. This aligns seamlessly
with the generated susceptibility map, which illustrates clusters of high-risk areas along tracks pass-
ing through river plains and the inner city, accurately reflecting historical disaster records that have
previously disrupted train operations.

The findings and the developed railway flood susceptibility map serve as empirical tools to support
informed decision-making for engineers, the State Railway of Thailand (SRT), and urban planners.
Specifically, these findings provide actionable insights for identifying target areas to elevate railway
embankments and improve sub-track drainage structures tailored to local hydrological behaviors. For
highly susceptible areas in the inner city, land-use regulations under comprehensive town planning
must be strictly enforced. This approach should be coupled with promoting green infrastructure to
delay and reduce surface runoff entering the railway system. Future studies should consider extending
this predictive framework to railway routes in other regions, incorporating climate-change scenario
simulations to evaluate long-term risks and to design resilient, sustainable infrastructure.
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