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Abstract: Floods are considered one of the most dangerous natural disasters in the world. Due to its wide-

ranging impact, floods cause significant damage to people, property, livelihoods, habitats, infrastructure, 

and economic development. To date, flood susceptibility maps are still considered an effective tool in flood 

damage management and prevention. Thus, this study proposed the use of three advanced machine learning 
models, including CatBoost, LightGBM, and NGBoost, to generate flood susceptibility maps based on the 

historical flood locations and 11 influencing factors. The ROC-AUC results were utilized to compare and 

evaluate the forecasting accuracy of these ML models. The LightGBM model demonstrated superior 
forecast performance and was selected to build the flood susceptibility map. This map indicates that the 

low-lying districts and concentrated river systems in Thai Nguyen province, such as Thai Nguyen City, 

Song Cong, Phu Binh, Dong Hy, and Pho Yen districts, fall in high and very high flood susceptibility zones. 
Mountainous districts situated on the edge of Thai Nguyen province, such as Vo Nhai, Phu Luong, and 

Dinh Hoa, fall in medium and very low flood susceptibility zones. The obtained map provides a visual view 

of future flood-prone areas, assisting local authorities in land-use planning and implementing effective 

priority investment strategies. 

Keywords: flood susceptibility, Gradient Boosting model, Machine Learning, flood risk management, Thai 

Nguyen province, Vietnam 

 

1. Introduction 

Flooding is a natural phenomenon in which river water overflows its banks and inundates adjacent 

lands, resulting in extensive damage to many aspects, such as economic development, human lives, 

transportation, ecological ecosystem, infrastructure, and cultural heritage sites (Shafizadeh-Moghadam et 
al., 2018). In recent decades, the frequency of floods has increased due to environmental degradation, 

population growth, deforestation, and urbanization (Bradshaw et al., 2007). It is estimated that the 

frequency of global floods has increased by more than 40% in the past two decades. Furthermore, it is also 
estimated that about 1.3 billion people will be living in flood-prone areas by 2050 (Gudiyangada Nachappa 

et al., 2020). In general, climate change, along with socio-economic development and urbanization, will 

directly impact and increase the formation of floods in the future (Chen et al., 2021). Therefore, identifying 
future flood-prone areas on flood susceptibility maps is an extremely important task for flood risk 

prevention and mitigation strategies (Uddin & Matin, 2021). These flood susceptibility maps can provide 

spatial information about flood-prone areas, helping to optimize resource allocation, refine emergency 

response plans, and enhance evacuation strategies (Mangaiyarkkarasi, 2024).  

Today, thanks to advances in information technology, Machine Learning (ML) models are 
considered the most advanced and effective approach to disaster prediction and prevention. They focus on 

analyzing the ability of big data to extract disaster patterns from multi-source data and the innovative 

approaches to improve prediction accuracy (Mangaiyarkkarasi, 2024). Boosting is an ensemble learning 

method in which multiple weak learners are combined to form a strong learner to reduce training errors. 
Boosting algorithms differ in how they generate and aggregate weak learning models during sequential 

training (Ferreira & Figueiredo, 2012). In particular, the Gradient Boosting algorithm is a combination of 

gradient descent and boosting. This algorithm also trains models sequentially and learns on the residual 
errors of the previous model instead of adjusting the data weights, thereby improving prediction 

performance and reducing overfitting (Zhang & Haghani, 2015). Popular variations of gradient boosting 
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algorithms include Extreme Gradient Boosting (XGBoost), Categorical Boosting (CatBoost), Light 

Gradient Boosting Machine (LightGBM), and Natural Gradient Boosting (NGBoost) (Sahin, 2022). The 

biggest advantage of Gradient Boosting algorithms is their strong predictive performance. They can be 
deployed efficiently on datasets that require learning complex patterns and interactions (Zhang & Haghani, 

2015). According to this, some of them have been widely employed in flood susceptibility assessment in 

recent years (Aydin & Iban, 2023; Lin et al., 2023; Xu et al., 2023). If Aydin and Iban (2023) compared the 
predictive performance of several variants of the Gradient Boosting model with the Random Forest (RF) 

algorithm in flood susceptibility mapping for Adana province on the Mediterranean coast of Türkiye using 

fourteen flood conditioning parameters representing the topography, meteorology, vegetation, lithology and 

human life in the area, Xu et al. (2023) and Lin et al. (2023) proposed a hybrid modeling approach for rapid 
urban flood forecasting based on a combination of hydrological-hydraulic model and light-enhanced 

machine model. Most of these studies have confirmed the superior predictive performance of the LightGBM 

model in flood forecasting. 

As climate change and extreme weather events increase, the frequency and intensity of natural 

disasters will continue to increase worldwide. Traditional methods of forecasting and preventing natural 
disasters are facing many challenges in terms of accuracy and speed of response (Qin et al., 2024). 

Additionally, since floods often occur after a long period of rain, heavy rain, or snowmelt, combined with 

adverse terrain conditions (Gudiyangada Nachappa et al., 2020), experiencing and developing forecast 
models in flood susceptibility mapping needs to be conducted continuously and regularly to improve and 

enhance forecast accuracy and identify suitable models (Kumar et al., 2023).  

Thai Nguyen province (old) is one of the centers of the Viet Bac region, located in the regional 

planning of the capital Hanoi. Thai Nguyen has an important geographical location and is one of the 

important industrial, educational, and medical centers of Vietnam (Ha et al., 2024). In recent years, this 
province has frequently faced flooding due to heavy rains. In particular, the flood caused by Typhoon Yagi 

in September 2024 was considered the largest historical flood in the past 60 years, causing significant losses 

to human lives and property (ADINet, 2025). Meanwhile, there are no studies assessing flood susceptibility 

for this province using ML models, but only at the district level using a series of remote sensing images 

(Mai Sy et al., 2023).  

Based on the reasons mentioned above, this study proposed the use of advanced machine learning 

models, specifically Categorical Boosting (CatBoost), Light Gradient Boosting Machine (LightGBM), and 

Natural Gradient Boosting (NGBoost), to create flood susceptibility maps for the study area. The ROC 

curve and AUC value were employed to compare and estimate the predictive performance of these ML 
models to select the most accurate model. The best flood susceptibility map was built based on the most 

accurate model. This flood susceptibility map can be an effective tool to support flood prevention, risk 

reduction, and local decision-making. 

2. Study area  

Thai Nguyen province (old) is situated in the midland and mountainous region of northern Vietnam. 

It serves as a gateway for socio-economic exchanges between the midland and mountainous areas and the 
Northern Delta. This province borders Bac Kan province to the North, Vinh Phuc and Tuyen Quang 

provinces to the West, Lang Son and Bac Giang provinces to the East, and Hanoi city to the South. Thai 

Nguyen province encompasses 9 administrative units (Thai Nguyen City, Song Cong, Pho Yen, Phu Binh, 

Dong Hy, Vo Nhai, Dinh Hoa, Dai Tu, and Phu Luong). In total, there are 178 communes, wards, and towns 
within the province. The province's natural area is 3,531.71 km2, accounting for 1.07% of Vietnam's natural 

area, and its population in 2019 was 1,286,751 people. Thai Nguyen's climate is divided into two distinct 

rainy and dry seasons. The rainy season usually starts in May and lasts until early October, while the dry 
season starts from October to May of the following year. The average annual rainfall in Thai Nguyen is 

between 2000 and 2500 mm, with the highest rainfall occurring in August and the lowest in January. This 

province has a typical terrain of hills interspersed with low fields, mainly limestone mountains, and bowl-

shaped hills. In addition, Thai Nguyen has two main rivers flowing through its territory, the Cau River and 
the Cong River, which significantly influence its hydrological regime (available at 

https://thainguyen.gov.vn/).   

In recent years, Thai Nguyen province has experienced continuous flooding, while a trillion-VND 

flood prevention project on the Cau River has remained inactive. In early September 2024, Thai Nguyen 

City and surrounding districts faced a historic flood, the worst in over 20 years, which lasted for several 
days as the Cau River water level rose above alert level 3. Thousands of households and properties had to 
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be evacuated urgently, resulting in estimated damages exceeding 970 billion VND  (available at 

https://thainguyen.gov.vn/). According to a quick report from Thai Nguyen province, the most recent heavy 

rain on August 20-21, 2025, caused 373 houses to be flooded, 172.68 hectares of rice and crops to be 
flooded, 19 landslides at Km 17, National Highway 3, Route 257 to Cho Don Commune, and many inter-

village and inter-hamlet roads (ADINet, 2025). 

 
Fig. 1. Thai Nguyen province (old) in Vietnam. 

3. Methodology and data used 

3.1 Methodology 

The research flowchart in the study comprised the following steps: (1) Data preparation and 

collection; (2) Mapping flood inventory locations; (3) Developing advanced ML models using the sci-kit 
learn library in the Python programming language to build flood susceptibility maps; (4) Assessing the 

predictive accuracy of used models; (5) Selecting the best flood susceptibility map (Fig. 2). 

3.2 Data used 

3.2.1 Flood inventory data 

A comprehensive flood inventory is essential in flood susceptibility modeling studies. It enables the 

understanding of vulnerable areas, historical trends, and the mitigation of flood impacts (Haltas et al., 2021). 
In this study, flood inventory positions were provided by the Thai Nguyen Provincial Steering Committee 

for Natural Disaster Prevention and Search and Rescue from 2016 to 2024. The flood inventory data 

included 833 locations (Fig. 1). These flood inventory data were randomly divided into two datasets: the 
70% training dataset and the 30% validation dataset. According to this, 583 flood positions, representing 

70% of the training dataset, were used to build the flood susceptibility maps, and 250 flood positions, 

comprising 30% of the validation dataset, were utilized to verify the predictive models. 

3.2.2 Flood causative factors 

Flood formation is influenced by a group of factors related to elevation, slope, hydrometeorology, 

drainage network, distance to river, land use, therefore, it is necessary to collect characteristic factors for 

flood susceptibility assessment (Shafizadeh-Moghadam et al., 2018). However, collecting all these 
elements for flood susceptibility mapping is not a simple task as it depends on their accessibility and 

availability. Based on the availability and ability to collect data, this study uses 11 flood causative factors, 

including altitude, slope, aspect, curvature, drainage density, terrain roughness, TWI, rainfall, distance to 

road, distance to river, and land use (Fig. 3).  
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Fig 2. Methodology flowchart in this research. 

The altitude, slope, aspect, curvature, TWI, and terrain roughness factors were calculated from a 30-

meter ALOS DEM data. This  ALOS DEM data was downloaded and acquired in June 2021 from 

https://www.eorc.jaxa.jp/ALOS/en/aw3d30/data/index.html. The remaining factors, including drainage 
density, distance to road, distance to river, and land use, were gathered from Vietnam’s Ministry of Natural 

Resources and Environment and the Department of Agriculture and Rural Development of Thai Nguyen 

Province in 2017. The average annual rainfall was obtained from 11 hydrometeorological stations from 
2011 to 2024 and 56 stations of Vrain and WeatherPlus from 2021 to 2024 in Thai Nguyen province. These 

flood influencing factors were normalized into raster layers at a 30-meter resolution to generate the thematic 

maps in the GIS environment for flood susceptibility modelling. 

Tab. 1. Flood influencing factors and their categorization. 

Factors Categorization Categorization technique 

Altitude (m) 
(1) [0 – 83], (2) [83 – 183], (3) [183 – 314], (4) [314 – 484], (5) 

[484 – 809], (6) [809 – 1590] 
Natural Breaks 

Slope angle 

(degree) 

(1) [0- 5.81], (2) [5.81 – 12.54], (3) [12.54 – 19.88], (4) [19.88 – 

27.85], (5) [27.85 – 38.15], (6) [38.15 – 72.39] 
Natural Breaks 

Aspect 
(1) Plat, (2) North, (3) Northeast, (4) West, (5) Northwest (6) East, 

(7) Southeast, (8) South, (9) Southwest 
Azimuth 

Curvature 
(1) [(-19.666) - (-1.666)], (2) [(-1.666) - (-0.555)], (3) [(-0.555) – 

0.222], (4) [0.222 – 0.111], (5) [1.111 – 2.777], (6) [2.777 – 21.555] 
Natural Breaks 

Drainage density 

(km/km2) 

(1) [0 – 0.201], (2) [0.201 – 0.549], (3) [0.549 – 0.815], (4) [0.815 – 

1.025], (5) [1.025 – 1.383], (6) [1383 – 2.344] 
Natural Breaks 

Terrain 

roughness 

(m/km2) 

(1) [0 - 79], (2) [79 - 162], (3) [162 - 257], (4) [257 - 371], (5) [371 

- 542], (6) [542 - 981] 
Natural Breaks  

TWI 
(1) [2.357 – 5.028], (2) [5.028 – 6.147], (3) [6.147 – 7.327], (4) 

[7.327 – 8.756], (5) [8.756 – 10.620], (6) [10.620 – 18.261] 
Natural Breaks 

Rainfall (mm) 
(1) [1344.9 – 1568.1], (2) [1568.2 – 1689.3], (3) [1689.4 – 1785.7], 

(4) [1785.8 – 1879.4], (5) [1879.5 – 2047.5] 

Geostatistical Kriging 

method 

Distance to road 
(m) 

(1) [0 - 200], (2) [200 - 500], (3) [500 - 1000], (4) [1000 - 5000], (5) 
[> 5000] 

Natural Breaks  

Distance to rivers 

(m) 

(1) [0 - 200], (2) [200 - 500], (3) [500 - 2000], (4) [2000 - 5000], (5) 

[> 5000] 
Natural Breaks 

Land use 
(1) Water, (2) Trees, (3) Scrub/Shrub, (4) Built areas, (5) Crops, (6) 

Flooded vegetation, (7) Bare ground, (8) Grass 
Landcover categories 
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Fig 3. Flood influencing factors used in this study: (A) altitude, (B) slope, (C) aspect, (D) curvature, (E) drainage 

density, (F) terrain roughness, (G) TWI, (H) rainfall, (I) distance to road, (J) distance to river, and (K) land use 

4. Machine learning models used 

This study employed three advanced machine learning models, namely Categorical Boosting 

(CatBoost), Light Gradient Boosting Machine (LightGBM), and Natural Gradient Boosting (NGBoost), to 

build flood susceptibility maps for the study area.  

4.1 Categorical Boosting (CatBoost) 

Categorical Boosting (CatBoost) is developed based on the framework of the gradient boosting 
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method, where decision trees are built sequentially to minimize errors and improve predictions (Sahin, 

2022). The process works by building a decision tree and assessing how much error there is in predictions. 

After the first tree is built, the next tree will be created to correct the errors made by the previous one. This 
process continues iteratively with each new tree, focusing on improving the model’s predictions by reducing 

previous errors. This process continues until a predefined number of iterations is met (van Hoof & 

Vanschoren, 2021). The obtained result is an ensemble of decision trees that work together to provide 
accurate predictions (Hancock & Khoshgoftaar, 2020). It can address various data formats, both categorical 

and numerical features. One of the crucial advantages of this algorithm is that it reduces overfitting by using 

the ordered boosting technique (Sahin, 2022). 

4.2 Light Gradient Boosting Machine (LightGBM) 

Light Gradient Boosting Machine (LightGBM) refers to an open-source high-performance 

framework developed by Microsoft. It can be used for ranking, classification, and regression issues (Sahin, 

2022). This algorithm is an ensemble learning framework that utilizes the gradient boosting technique, 
which creates a strong learner by sequentially adding weak learners in a gradient descent manner 

(Alzamzami et al., 2020). Gradient-based One-Side Sampling (GOSS), histogram-based algorithms, and 

leaf-wise tree growth are unique strategies used for training and splitting the data in this algorithm (Sahin, 

2022). Accordingly, various user-defined parameters can be tuned in LightGBM, like boosting type, max 
depth, learning rate, and number of leaves. In this way, this algorithm can speed up the training procedure 

and reduce computational complexity (Bentéjac et al., 2021). 

4.3 Natural Gradient Boosting (NGBoost) 

Natural Gradient Boosting (NGBoost) is an algorithm designed for generic probabilistic prediction 

using the gradient boosting technique (Duan et al., 2020). According to this, this algorithm uses the natural 

gradient technique to compensate for the probabilistic prediction limitations of current gradient boosting 
techniques (Kavzoglu & Teke, 2022). This algorithm can handle various tasks, like regression, 

classification, and survival prediction. The probabilistic forecasting characteristic of this algorithm enables 

obtaining probabilities about the whole possible results of any given search space, in place of determining 

one specific output as the forecast (Chen et al., 2022). The modular and scalable structure in the NGBoost 
can be expanded and comprises three main parameters, namely the scoring rule, the base learner, and the 

parametric probability distribution. Overall, the NGBoost algorithm outperforms existing probabilistic 

prediction methods in terms of flexibility, scalability, and usability (Kavzoglu & Teke, 2022). 

4.4 Model verification and comparison 

Validate the predictive performance of the used models to ensure their scientific significance and 

practical applicability (Luu et al., 2021). The area under the receiver operating characteristic (ROC) curve, 
known as AUC, is a single scalar value that measures the overall performance of a binary classifier (Pepe 

et al., 2006). The ROC curve is a two-dimensional measure of classification performance. AUC (Area 

Under ROC Curve) is the area under the ROC curve (Marzban, 2004). The AUC is a robust overall measure 

to evaluate the performance of score classifiers because its calculation relies on the complete ROC curve 
(Hand, 2009). The AUC value ranges from 0 to 1. The closer the AUC value is to 1, the better the overall 

performance of the predictive model (Ha et al., 2025). In this study, the ROC curve and AUC value are 

utilized to assess the overall performance of used ML models. 

5. Result and discussion 

5.1 Model verification and comparison 

In this study, three advanced ML models, including CatBoost, LightGBM, and NGBoost, were 

developed using the sci-kit learn library in the Python programming language to generate flood 

susceptibility maps. The ROC curve and AUC value were employed to assess the predictive accuracy of 

these ML models.  

The results of ROC curve analysis on the training dataset indicated that the LightGBM model 
achieved the highest accuracy with an AUC of 0.991, followed by the NGBoost model with an AUC of 

0.969, and the CatBoost model had the lowest AUC at 0.965. The results of ROC curve analysis on the 

testing dataset continued to show that the LightGBM model has the highest accuracy with an AUC of 0.963, 
followed by the NGBoost model with an AUC of 0.957, and the CatBoost model achieved the lowest AUC 

at 0.949 (Fig 4). These findings denote that the LightGBM model offers the best forecasting performance 

among the models used, and it was chosen to build the flood susceptibility map. 
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Fig 4. The ROC curve analysis on training dataset (left) and testing dataset (right) in flood susceptibility mapping. 

5.2 Construction of the best flood susceptibility map 

Based on the analysis of the ROC curve on both the training and testing datasets, the LightGBM 

model was selected to build the best flood susceptibility map for Thai Nguyen province (old), Vietnam. 

According to this, the most accurate flood susceptibility map for the Thai Nguyen province was created 
using the LightGBM model (Fig. 5). This map was classified into four classes, including low, medium, 

high, and very high, using the percentile technique in ArcGIS Pro software. 

 

Fig 5. The best flood susceptibility map using the LightGBM model. 

The resulting map indicated that high flood susceptibility zones are mainly concentrated in the 

districts of Phu Binh, Pho Yen, and Song Cong, as well as parts of southern Dong Hy and Thai Nguyen 
city. The very high flood susceptibility zones are primarily distributed along the main river and stream 

systems, including the Cau River, Cong River, and their tributaries, particularly in the districts of Pho Yen, 

Song Cong, Phu Binh, Dong Hy, and Thai Nguyen city. Generally, these areas have a high density of rivers 

and streams and are located at lower elevations compared to other districts in Thai Nguyen province. The 
flooding hazard has posed significant challenges for local authorities and communities, especially in these 
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districts that have a high population density, rapid urbanization, and developed economic infrastructure. 

Meanwhile, most areas in the Dinh Hoa, Phu Luong, and Vo Nhai districts, as well as the high mountainous 

regions in the North and Northeast of Thai Nguyen province, fall in the flood susceptibility from medium 
to very low. These districts are located in mountainous terrain along the arcs of the Ngan Son and Gam 

Rivers in the northern part of Thai Nguyen province. Additionally, the steepness of the terrain contributes 

to a lower flood hazard in these areas (Ha et al., 2024). 

6. Conclusion 

In this study, three advanced ML models, namely CatBoost, LightGBM, and NGBoost, were 

employed by using the sci-kit learn library in the Python programming language to create flood 

susceptibility maps for Thai Nguyen province. The analysis of the ROC curve on both the training and 
testing datasets indicated that the LightGBM model had the highest predictive accuracy, so this model was 

chosen to create the flood susceptibility map. The flood susceptibility map demonstrates that the low-lying 

districts and concentrated river systems in Thai Nguyen province, such as Thai Nguyen City, Song Cong, 
Phu Binh, Dong Hy, and Pho Yen districts, are in high and very high flood susceptibility zones. 

Mountainous districts situated on the edge of Thai Nguyen province, such as Vo Nhai, Phu Luong, and 

Dinh Hoa, are in medium and very low flood susceptibility zones. The results of this study not only provide 

important spatial information to identify areas at risk of future flooding, but also serve as an effective 
disaster risk management tool, allowing for the planning of reasonable urban development plans, flood 

prevention, and response plans. 
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