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Abstract With climate change, hydro-climatic hazards, i.e., floods in the Himalayas regions, are expected to 16 

worsen, thus, likely to affect humans and socio-economic growth. Precisely, the Koshi River basin (KRB) is often 17 

impacted by flooding over the year. However, studies on estimating and predicting floods still lack in this basin. 18 

This study aims at developing flood probability map using machine learning algorithms (MLAs):  gaussian process 19 

regression (GPR) and support vector machine (SVM) with multiple kernel functions including Pearson VII function 20 

kernel (PUK), polynomial, normalized poly kernel, and radial basis kernel function (RBF). Historical flood locations 21 

with available topography, hydrogeology, and environmental datasets were further considered to build flood model. 22 

Two datasets were carefully chosen to measure the feasibility and robustness of MLAs: training dataset (location of 23 

floods between 2010 and 2019) and testing dataset (flood locations of 2020) with thirteen flood influencing factors. 24 
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The validation of the MLAs was evaluated using a validation dataset and statistical indices such as the coefficient of 25 

determination (r2: 0.546~0.995), mean absolute error (MAE: 0.009~0.373), root mean square error (RMSE: 26 

0.051~0.466), relative absolute error (RAE: 1.81~88.55%), and root-relative square error (RRSE: 10.19~91.00%). 27 

Results showed that the SVM-Pearson VII kernel (PUK) yielded better prediction than other algorithms. The 28 

resultant map from SVM-PUK revealed that 27.99% area with low, 39.91% area with medium, 31.00% with high, 29 

and 1.10% area with very high probabilities of flooding in the study area. The final flood probability map could add 30 

a greatt value to the effort of flood risk mitigation and planning processes in KRB. 31 

Keywords: Hydro-climatic hazards; Machine learning algorithms; Gaussian process regression; Support vector 32 

machine; Climate change 33 

1. Introduction 34 

Climate change has led to intense rainfall and floods that significantly influence lives, properties, and socio-35 

economic progress (Tabari, 2020). Of course, flood is one of the most frequent and expensive in terms of human and 36 

economic losses among environmental disasters and comprise thirty-one percent of worldwide financial damage in 37 

total, caused by environmental disasters (Yalçın, 2002). According to the Sendai Framework for Disaster Risk 38 

Reduction (DRR), countries should significantly minimize disaster risk and losses over the next 15 years (Msabi and 39 

Makonyo, 2021). This can only be accomplished through relevant research and conflict resolution between scientists 40 

and policymakers at all levels. 41 

Flood probability mapping (FPM) is essential for designing, building, and administering appropriate 42 

countermeasures. However, owing to complexity of the processes, such as the runoff formation mechanism, climate 43 

variation, and the effect of anthropogenic activities (land cover change, population growth, etc.), it is challenging to 44 

simulate floods with acceptable precision (Dano et al., 2019). Thus, developing a model of flood probability that is 45 

more consistent with the natural habitat and can account for changing meteorological conditions is the focus of 46 

basin-scale flood research. 47 

The Koshi River basin’s water-related incidents are glacial lake outbursts, flooding, debris flow, drought,  and so 48 

forth. (Chen et al., 2017). These hazards exhibit high frequencies, large impacts and prolonged durations. The Koshi 49 

River basin (KRB) is prone to flooding, and in the last 60 years, Nepal has been hit by ten large-scale floods 50 
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triggered by the Koshi river (Dixit, 2009). These floods are the result of interaction between humans and the 51 

environment. The frequent rainstorms in the basin contribute significantly to the increasing flood hazards. Besides, 52 

miscommunication exists in the operation of hydraulic infrastructure led to flooding. Precisely, information on 53 

floods in the upstream is not transmitted to downstream settlements; hence insufficient warning is supplied for any 54 

pre- activities to operate flood protection devices (Chen et al., 2017). 55 

Many scholars have done FPM and natural risk assessment using remote sensing (RS) and geographic information 56 

systems (GIS) globally, attempting to make a substantial contribution to flood risk assessment (Abdelkader et al., 57 

2013; Chatterjee et al., 2003). Using either statistical or deterministic algorithms, FPM can reliably detect and 58 

characterize future flood risk. Furthermore, flood probability of a region can be assessed qualitatively or 59 

quantitatively (Sahana and Sajjad, 2019; Sinha et al., 2008). The three distinct categories of geospatial techniques 60 

utilized in flood analysis are as follows: hydrologic or hydrodynamic models (Herder, 2013), statistical and multiple 61 

criteria decision making (MCDM) methods (Ayalew and Yamagishi, 2005), and machine learning algorithms 62 

(MLAs) (Arabameri et al., 2020) However, the aforementioned techniques are not devoid of flaws in deriving a 63 

flood probability map. For example, results of the MCDM model are subject to disparities as a result of biased 64 

expert judgment (Ghorbanzadeh et al., 2019; Paquette and Lowry, 2012). Moreover, results of the statistical models 65 

depend heavily on the sample size (Liao and Carin, 2009).On the other hand, hydrodynamic models convert 66 

discharge flows into flood depths or flood velocity (Al-Mulali et al., 2015). Although this model yields relatively 67 

accurate results for small basin, it is challenging to apply this model to entire area (Guo et al., 2012; van Emmerik et 68 

al., 2015). MLAs with competence in nonlinear mapping have been extensively developed in the past few decades 69 

as alternatives to address these shortcomings (Huang et al., 2019) 70 

A number of studies have been conducted on floods in Nepal. These discussions have emphasized flood risks (Karki 71 

et al., 2011), mitigation measures (Devkota et al., 2014), flood forecasting (Gautam and Phaiju, 2013), and river 72 

hydrology or morphology (Marston et al., 1996). Although a lot of studies have been dedicated to improving 73 

reliability and accuracy of flood probability mapping to-date, there has been no algorithm that can achieve the best 74 

accuracy for all areas or regions. In some cases, an algorithm that outperforms other algorithms in one area may not 75 

perform well in another. This may be caused by complex physical processes that vary from region to region and 76 

directly impact flood influencing factors. Because of this, scholars need to continually assess the reliability of newly 77 

developed algorithms in flood probability modeling. This study investigates the potential of multiple kernel 78 
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functions in machine learning algorithms to improve precision in flood probability mapping at a basin scale. 79 

Because there is a lack of precise flood maps, this study is expected to contribute significantly to flood prediction 80 

and subsequent recommendations for avoiding human injuries, deaths, and property damage. 81 

This study addresses the gap by examining relevant flood probability modeling literature, followed by a description 82 

of the materials and methods in Section 2. Section 3 and Section 4, respectively, describes results and discussion. 83 

Finally, Section 5 concludes major findings of this work with future research directions. 84 

2. Materials and methods 85 

2.1 Description of the study area 86 

Nepal is a land lock country, situated in South Asia with a total 147,181 km2 area between 26o22′ to 30o27′ N 87 

latitudes and 80o04′ to 88o12′ E longitudes (Shrestha, 2007). The whole country is divided into three major 88 

physiographic regions, i.e., mountains, hills, and low land (Tarai). These regions have their importance in water, 89 

crop, and industrial production.  90 

Dhanusha and Mahottari, with a total area of 2182 km2 between latitude 26°50′31.56″ North, longitude 91 

86°02′09.60″ East have been considered for the case study. These districts are administratively placed in Province 92 

two of the Nepal federal government.  93 

The districts are in the Koshi basin belt. Following the classification by Hagen, (1969), these districts have been 94 

characterized by numerous physiographic regions. Upper areas are affiliated with Shiwalik (Chure) hills and Dun 95 

valleys. In contrast, southern parts are alluvial deposited (Terai) flat land, which is the northern part of the Indo-96 

Gangetic Plain. The two distinct physiographic regions, such as Shiwalik hill and Terai land, are tectonically 97 

separated by Main Frontal Thrust (MFT) and Main Boundary Thrust (MBT). The climate is characterized by 98 

tropical climate that primarily depends on the Asian monsoon rainfall, and approximately 80% of the annual rainfall 99 

occurs from June to September (Sharma et al., 2019). The climate becomes hot from April to September, while it is 100 

cold from December to March. Climate has a significant influence on the vegetation processes; for example, tropical 101 

forest species are distributed in the Shiwalik region whereas the Terai land is demonstrated for the agricultural 102 

practices. Roads are primary means of transportation in the study area as the majority of the road are earthen which 103 

quickly get inundated during the monsoon period. 104 
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The study area falls in the arid and semi-arid hydrological zones, having average rainfall of 1,480 mm to 2,200 mm 105 

and an average temperature range between 11°C and 40°C (Joshi and Dongol, 2018). 106 

 

Fig. 1 Study area with flood locations.  107 

2.2 Modelling flood probability  108 
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2.2.1 Developing flood inventory map 109 

The flood inventory map, which depicts historical flood locations, is prepared using the 250 flood locations as flood 110 

points found in the existing flood reports, historical datasets between 2000 and 2020. , Landsat 5-8 111 

(https://earthexplorer.usgs.gov/), and Sentinel 1 (https://search.asf.alaska.edu/) satellite images (Fig. 1). In addition, 112 

there were also 250 locations defined as non-flood points. Afterwards, flood and non-flood points were split into 113 

training and testing subsets (70:30) using a random selection process in a GIS environment (Rahmati and 114 

Pourghasemi, 2017; Samanta et al., 2018; Tehrany and Kumar, 2018). Precisely, 350 (70%) flood locations were 115 

used to train the algorithms, and 150 locations were used for test the algorithms. 116 

2.2.2 Factors contributing to floods 117 

To build a reliable flood probability model, it is important to identify the most influencial contributing factors (Bui 118 

et al., 2019). Concerning local hydro-environmental characteristics, the effect of contributing factors to flooding 119 

varies from one space to another (Cao et al., 2016). According to the literature and available data, there were thirteen 120 

contributing factors: rainfall, elevation, slope angle, aspect, drainage density (DD), distance to stream networks, plan 121 

curvature, profile curvature, land cover, lithology, soil texture, steam power index (SPI), and topographic wetness 122 

index (TWI) considered for this study (Bui et al., 2018; Choubin et al., 2019; Khosravi et al., 2018; Wang and Xu, 123 

2017).  124 

A digital elevation model (DEM) with a resolution of 30 m was acquired from advanced land observation satellite 125 

(ALOS; https://www.earthdata.nasa.gov/). Later, DEM data was used to extract topographic factor maps, i.e., 126 

elevation, slope angle, aspect, DD, distance to stream networks, plan and profile curvatures, SPI, and TWI. A 127 

rainfall map was constructed from rainfall data for the periods between 1990 and 2020, obtained from Department 128 

of Hydrology and Meteorology of Nepal (https://www.dhm.gov.np/) using the kriging interpolation approach with 129 

four data points (Shekhar and Pandey, 2015; Szwagrzyk et al., 2018). According to the literature, kriging is the most 130 

appropriate approach in data-sparse country (Arabameri et al., 2020; Chowdhuri et al., 2020). A soil map was 131 

obtained from the land resource mapping project (LRMO 1986; http://opac.narc.gov.np/), while the lithology map 132 

was found from the Department of Mines and Geology of Nepal (https://www.dmgnepal.gov.np/). A land cover map 133 

was acquired from the GLOBALLAND30 (https://www.globallandcover.com). Note that thematic layers of 134 
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contributing factors were resampled to a 30 m resolution to make the same grid size of all  layers. Further, flood 135 

contributing factors were reclassified. Details on flood contributing factors can be found in Fig. 2 and Table 1. 136 

Table 1 Thematic layers of contributing factors used in this study. 137 

Classification Sub-

classification/Information 

References Resolution/Scale 

Flood 

inventory 

Historical flood marks, 

Landsat 5-8, and Sentinel-

1 

https://earthexplorer.usgs.gov 

https://search.asf.alaska.edu  
30 m  30 m 

DEM Elevation, slope angle, 

aspect, drainage density, 

distance to stream 

networks, plan and profile 

curvatures, SPI, and TWI 

https://www.earthdata.nasa.gov 

 
30 m  30 m 

Mean annual 

rainfall 

Historical data (1990-

2020) 

https://www.dhm.gov.np/  30 m  30 m 

Land cover GLOBALLAND30 https://www.globallandcover.com 30 m  30 m 

Soil texture Land resource mapping 

project (LRMO 1986 

http://opac.narc.gov.np  1: 50,000 

Lithology Department of Mines and 

Geology of Nepal 

https://www.dmgnepal.gov.np  1: 50,000 
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Fig. 2 Flood contributing factors: (a) mean annual rainfall, (b) elevation, (c) slope angle, (d) 138 

aspect, (e) drainage density, (f) distance to stream networks, (g) plan curvature, (h) profile 139 

curvature, (i) land cover, (j) lithology, (k) soil texture, (l) SPI, and (m) TWI. 140 

2.2.3 Multicollinearity analysis 141 
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Factors that are linearly related with other factors are referred to as multicollinearity. It results in somewhat 142 

redundant variables. In this study, multicollinearity was measured with the variance inflation factor (VIF) that 143 

evaluates how much an expected regression coefficient variance tends to increase, if certain predictors are correlated 144 

(Arabameri et al., 2020; Dormann et al., 2013; Wang et al., 2020). In addition, tolerance (TOL) can also help in 145 

detecting multicollinearity. Multicollinearity is problematic if the TOL value is less than 0.1 and simultaneously the 146 

VIF 5 and higher (Kutner et al., 2005; Roy et al., 2020). In this case, the redundant factor/s should be eliminated 147 

from the algorithm. 148 

2.2.4 Feature selection 149 

The Pearson coefficient was computed to consider valuable features in the algorithm. This study evaluated the 150 

coefficient threshold as < 0.70 to use the feature during algorithm building. This means if the variables are 151 

associated (≥ 0.70), then one of them must be retained and the rest be dropped (Dormann et al., 2013). 152 

2.2.5 Spatial modeling 153 

The Gaussian process regression (GPR) usually employs translation-invariant covariances, resulting in a highly 154 

versatile and nonlinear prediction mechanism (Blix et al., 2017). It can detect information in any kernel-based 155 

regression process, compute quickly, and express this in a closed-form. It specifies regressor learning within a 156 

Bayesian system, suggesting the model variables perform a Gaussian distribution interpreting prior information of 157 

the final output (Colkesen et al., 2016). GPR was recently implemented and utilized in numerous machine learning 158 

applications (Colkesen et al., 2016; Zhao et al., 2011). Hence, this study considered GPR as one of the algorithms to 159 

model flood probability. The reader is directed to Kuss (2006), Sihag et al. (2018), and Paananen et al. (2019) for 160 

additional details on GPR and various covariance functions. 161 

The support vector machine (SVM) is a supervised technique, based on mathematical learning theory and systemic 162 

risk minimization (Vapnik, 1995). Boser et al. (1992) introduced the idea of SVM, which is one of the most 163 

powerful tools for flood probability mapping. The SVM algorithm intends to find an optimum separating hyperplane 164 

that can differentiate between the two categories: floods and non-floods with the training dataset (Huang and Zhao, 165 

2018). Precisely, SVM is a learning tool used for classification and regression to eliminate errors in classification or 166 

fitness functions (Sihag et al., 2018). Considering its versatility in dealing with multi-dimensional datasets and 167 

superior generalization performance, SVM has been primarily used to model flood probability in this study (Yang 168 
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and Cervone, 2019). Detailed descriptions of this algorithm can be found in Ren et al. (2015), Sachdeva et al. 169 

(2017), and Band et al. (2020).  170 

In addition, this study was designed based on multiple kernel functions in both SVM and GPR, e.g., Pearson VII 171 

function kernel (PUK), polynomial, normalized poly kernel, and radial basis kernel function (RBF). For details 172 

regarding kernel functions, the reader refers to Xing et al. (2016), Sihag et al. (2017), and Sihag et al. (2018). Table 173 

2 depicts hyper-parameters of GRP and SVM algorithms used in this study. 174 

Table 2 Hyper-parameters of machine learning algorithms (GPR and SVM) used in this study 175 

Model name Description of parameters 

 

 

 

 

 

 

Gaussian Process Regression (GPR) 

Kernel=Normalized Poly;  Batch size-100, Noise = 

1, Seed = 1; Filter type =Normalize training data; 

Cache size = 250000 

Kernel= Poly;  Batch size-100, Noise = 1, Seed = 1; 

Filter type =Normalize training data; Cache size = 

250000 

Kernel= PUK;  Batch size-100, Nose = 1, Seed = 1; 

Filter type =Normalize training data; Cache size = 

250000; Omega = 0.01; Sigma =0.01  

Kernel= RBF;  Batch size-100, Noise = 1, Seed = 1; 

Filter type =Normalize training data; Cache size = 

250000; Gamma = 0.01 

 

 

 

 

 

 

Support Vector Machine (SVM) 

Kernel=Normalized Poly;  Batch size=100, C= 

1,Regression Optimizer = SMO Improved; Filter 

type =Normalize training data; Cache size = 250000 

Kernel= Poly;  Batch size=100, C= 1, Regression 

Optimizer = SMO Improved; Filter type 

=Normalize training data; Cache size = 250000 

Kernel= PUK;  Batch size=100, C= 1, Regression 

Optimizer = SMO Improved; Filter type 

=Normalize training data; Cache size = 250000; 

Omega = 0.01; Sigma = 0.01 

Kernel= RBF;  Batch size=100, C= 1, Regression 

Optimizer = SMO Improved; Filter type 

=Normalize training data; Cache size = 250000; 

Gamma = 0.01 

 

2.2.6 Model performance assessment 176 

Multiple statistical indices, i.e., coefficient of determination (r2), mean absolute error (MAE), root mean square error 177 

(RMSE), relative absolute error (RAE), and root-relative square error (RRSE) were used to check the goodness-of-178 

the-fit (training datasets) and performance (testing datasets) (Mohammadzadeh et al., 2014) of our proposed models. 179 

These indices can be computed using the following equations: 180 
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 𝑅2 = 1 − ∑ (𝑀𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2𝑁𝑖=1∑ (𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − �̅�𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2𝑁𝑖=1  

 

(1) 

 𝑅𝑀𝑆𝐸 = √1𝑁 ∑[(𝑀𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)]2𝑁
𝑖=1  

 

(2) 

 𝑀𝐴𝐸 = 1𝑁 ∑|𝑀𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑|𝑁
𝑖=1  (3) 

 𝑅𝐴𝐸 = [∑ (𝑀𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2𝑁𝑖=1 ][∑ 𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑2𝑁𝑖=1 ]1 2⁄
1 2⁄

 

 

(4) 

 𝑅𝑅𝑆𝐸 = √∑ (𝑀𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2𝑁𝑖=1∑ (𝑀𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − �̅�𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2𝑁𝑖=1  (5) 

where, N denotes the number of observations; Mpredicted is the predicted value; Mobserved is actual value; and 181 �̅�𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑  is the mean of actual values. 182 

2.2.7 Model validation 183 

In this study, flood data of 2020, sourced from the International Centre for Integrated Mountain Development 184 

(ICIMOD), were used to validate the model (https://doi.org/10.26066/RDS.36038). To this end, we have considered 185 

40 locations (20 flood and 20 non-flood points) from the flood inventory. A confusion matrix, including sensitivity, 186 

specificity, and accuracy, was computed to validate the flood probability map (Khosravi et al., 2018). Equations 187 

used to validate best-fitted algorithm are presented as: 188 

 
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃)𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃) + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝐹𝑁) 

 

(6) 

 
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝑇𝑁)𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝑇𝑁) + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝐹𝑃) 

 

(7) 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

 

(8) 

3. Results 189 

3.1 Multicollinearity and feature selection 190 

Linear correlation between features induces multicollinearity problem, leading to algorithm inconsistency and 191 

feature data redundancy (Katrutsa and Strijov, 2017). Except for slope angle and lithology, multicollinearity test 192 

results have no multicollinearity issue observed (TOL > 0.1 and VIF <5; Table 3). Likewise, in feature selection, 193 
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results showed the same findings. Slope angle and lithology have crossed the threshold value (≥ 0.70; Fig. 3a). 194 

Taking this into account, we have eliminated two redundant factors from the algorithm and rechecked the featured 195 

threshold value, and found that no factors crossed the assigned threshold (< 0.70; Fig. 3b). Therefore, eleven factors, 196 

including rainfall, elevation, aspect, drainage density, distance to stream networks, plan and profile curvatures, LC, 197 

soil texture, SPI, and TWI, were further considered for building the algorithms in flood probability modeling. 198 

Table 3 Multicollinearity statistics (LC: land cover, SPI: Stream Power Index, and TWI: 199 

Topographic Wetness Index) 200 

Factor 

Unstandardized 

Coefficients 

Standardize

d 

Coefficients t Sig. 
Collinearity Statistics 

B Std. Error Beta Tolerance VIF 

Rainfall -0.013 0.028 -0.024 -0.474 0.636 0.557 1.795 

Elevation -0.145 0.026 -0.476 -5.652 0.000 0.203 4.917 

Slope angle 0.066 0.039 0.148 1.689 0.092 0.189 5.282 

Aspect -0.016 0.008 -0.078 -2.017 0.044 0.955 1.047 

Drainage density -0.052 0.018 -0.120 -2.935 0.003 0.860 1.163 

Distance to stream 

networks 
-0.024 0.021 -0.047 -1.163 0.246 0.884 1.131 

Plan Curvature -0.021 0.041 -0.021 -0.505 0.614 0.818 1.222 

Profile Curvature -0.032 0.037 -0.037 -0.863 0.389 0.795 1.257 

LC -0.001 0.001 -0.023 -0.572 0.567 0.886 1.129 

Lithology -0.382 0.153 -0.229 -2.497 0.013 0.172 5.819 

Soil Texture 0.026 0.006 0.183 4.305 0.000 0.799 1.252 

SPI 0.046 0.076 0.024 0.608 0.543 0.957 1.045 

TWI 0.126 0.035 0.274 3.553 0.000 0.243 4.115 

Note: Shaded red marks indicate the sign of collinearity and should be eliminated from the model 
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Fig. 3 Feature selection: (a) total features and (b) eliminated features due to higher correlation 201 

using Pearson’s correlation analysis. (Rain, rainfall; Ele, elevation; Slp, slope angle; Asp, aspect; 202 

DD, drainage density; Pln, plan curvature; Prc, profile curvature; LC, land cover; Litho, 203 

lithology; Soil, soil texture; SPI, stream power index; and TWI, topographic wetness index) 204 

3.2 Goodness-of-the-fit and model performance assessment 205 

The overall performance, including goodness-of-the-fit (with training datasets) and predictive capability (with 206 

testing datasets) of the algorithms, is calculated via the r2, MAE, RMSE, RAE, and RRSE (Table 4) and compared 207 

the algorithms to verify which of them are the most predicting capability. In the training and testing phase, The 208 

SVM-PUK kernel (0.990 and 0.995) has the highest r2, followed by the GPR-PUK kernel (0.973 and 0.989), the 209 

GPR-Normalized Poly kernel (0.585 and 0.603), the SVM-Normalized Poly kernel (0.562 and 0.606),  the GPR-210 

Poly kernel (0.534 and 0.563), the GPR-RBF kernel (0.528 and 0.549), the SVM-RBF kernel (0.520 and 0.546), and 211 

the SVM-Poly kernel (0.515 and 0.546); these indicate except for  SVM-PUK kernel, and GPR-PUK kernel could 212 

not be capable of explaining the entire spectrum of variability in the output performance. As a result, it is critical to 213 

employ a diverse set of output parameters in order to classify the best algorithms more reliably. On the other hand, 214 

the MAE, RMSE, RAE, and RRSE demonstrate the highest efficiency of the SVM-PUK kernel algorithm for both 215 

training and testing datasets in predicting floods (cf. Section 3.3). 216 
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Table 4 Statistical indices for model goodness-of-the-fit and performance assessment 217 

Training dataset 

Index 

GPR-

PUK 

kernel 

GPR-

Poly 

kernel 

GPR-

Normalized 

Poly kernel 

GPR-

RBF 

kernel 

SVM-

PUK 

kernel 

SVM-

Poly 

kernel 

SVM-

Normalized 

Poly kernel 

SVM-

RBF 

kernel 

R2 0.973 0.534 0.585 0.528 0.990 0.515 0.562 0.520 

MAE 0.299 0.381 0.358 0.416 0.012 0.352 0.303 0.356 

RMSE 0.303 0.423 0.406 0.437 0.071 0.448 0.435 0.450 

RAE (%) 59.80 76.25 71.52 83.11 3.32 70.46 60.58 71.26 

RRSE (%) 60.55 84.56 81.28 87.45 14.20 89.56 87.03 89.91 

Testing dataset 

Index 

GPR-

PUK 

kernel 

GPR-

Poly 

kernel 

GPR-

Normalized 

Poly kernel 

GPR-

RBF 

kernel 

SVM-

PUK 

kernel 

SVM-

Poly 

kernel 

SVM-

Normalized 

Poly kernel 

SVM-

RBF 

kernel 

R2 0.989 0.563 0.603 0.549 0.995 0.546 0.606 0.546 

MAE 0.312 0.373 0.351 0.443 0.009 0.342 0.306 0.367 

RMSE 0.313 0.413 0.401 0.451 0.051 0.466 0.422 0.455 

RAE (%) 62.30 74.52 70.21 88.55 1.81 68.46 61.14 73.47 

RRSE (%) 62.55 82.67 80.12 90.25 10.19 93.23 84.31 91.00 

Note: Green shaded marks indicate the best-fitted model for training and testing datasets 

 

3.3 Flood probability mapping 218 

We affirmed that the SVM-PUK kernel algorithm is the most suitable and reliable algorithm for flood modeling. 219 

The flood probability map is displayed in Fig. 4. The following four hazardous classes were assigned to the flood 220 

probability map: low, medium, high, and very high using the natural break classification method. The best algorithm 221 

(SVM-PUK kernel) results show that 27.99%, 39.91%, 31.00%, and 1.10% of the total land areas comprise low, 222 

medium, high, and very high flood probabilities, respectively. 223 

According to our results, floods mainly occur adjacent to the riverside. In addition, low-lying areas are most prone to 224 

flood hazards. Specifically, probability of floods in the downstream regions of the southwestern part of the study 225 

area is more prone to floods than in the southeastern part. 226 
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Fig. 4 Flood probability map using the best-fitted algorithm (SVM-PUK kernel) 227 

3.4 Validation of flood probability map 228 

The resultant flood map was validated using the 2020 flood inventory data. According to results, an accuracy value 229 

of 0.88 indicated that the algorithm almost perfectly classified 88.0% of the flood points. Therefore, it can be 230 

concluded that the algorithm output (SVM-PUK kernel) was compatible with the observed inventory data. The 231 

results are presented in Table 5. 232 

Table 5 Validating flood probability map based on 2020 flood inventory data 233 

 TP TN FP FN Sensitivity Specificity Accuracy 

Values 18 17 2 3 0.86 0.89 0.88 

 

4. Discussion 234 
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Given extreme weather events such as flooding could enhance in the days ahead damage to infrastructures may 235 

swell, which is likely to increase economic losses Hence it is critical to developing an approach for calculating 236 

associated significant socioeconomic losses. The ability to generate cost-effective flood modeling would benefit 237 

relevant authorities of performing disaster management activities. This study offered and evaluated a basin-scale 238 

flood modeling with multiple innovative machine learning algorithms (MLAs). Comparing flood probability models 239 

using multiple MLAs is problematic because it necessitates understanding the complex relationships between floods 240 

and their influential factors (Arabameri et al., 2020; Youssef et al., 2015). However, the performance of the MLAs 241 

can be portrayed as optimum concerning time, cost and efficiency (Lee et al., 2017). In addition, these approaches 242 

could be very valuable in providing speedy flood mapping in emergency scenarios comparing traditional flood 243 

modeling, i.e., hydrological and hydrodynamical modeling (Chau and Lee, 1991). Nonetheless, significant room 244 

exists for improvement in order to achieve superior results (Fenicia et al., 2014). 245 

The 175 floods and 175 non-flood locations were randomly split to test the algorithms for thirteen contributing 246 

factors. We then evaluated multicollinearity (TOL and VIF) among floods and their contributing factors. The 247 

multicollinearity results exhibited slope angle and lithology have the same influence on flooding as other factors. 248 

Therefore, these two factors were excluded from the algorithm before the final training. The findings are inlined 249 

with those studies refer to(Arabameri et al., 2020; Dormann et al., 2013; Shahin and Hassan, 2000). In addition, we 250 

evaluated important features in machine learning modeling using feature selection techniques such as the Pearson 251 

correlation coefficient. According to results of this study (threshold must be < 0.70), slope angle and lithology had 252 

higher coefficient value (> 0.70), therefore, these features were regarded as redundant and excluded from algorithm 253 

training. The studies by (Chen et al., 2020; Hong et al., 2018; Miles, 2014; Xu and Li, 2020) reported a similar 254 

observation and also eliminated the redundant features.  255 

It is worth noting that highest accuracy of the algorithms applied in this study, obtained by the SVM-PUK kernel (r2: 256 

0.995, Accuracy: 0.88), exceeded the precision of the algorithm proposed by (Sahana and Patel, 2019), which 257 

constructed flood probability map within Koshi River basin (lower part: India). In addition, the GPR-PUK kernel 258 

algorithm (r2: 0.973) proposed in this study obtained higher precision compared with the models offered by (Sahana 259 

and Patel, 2019). As the proposed algorithms are new to flood probability modeling and no other studies were found 260 

in the literature regarding flood mapping with these algorithms; hence, we could not compare the proposed 261 
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algorithms with other similar studies. However, accuracy of the proposed algorithm in constructing a flood 262 

probability map will give significant insight into the scientific community. 263 

The Koshi River is a mighty river system with a history of reversing course and wreaking havoc in Nepal (Devkota 264 

et al., 2012). Thousands of families persist in fear that the Koshi River would perhaps burst its banks at any moment, 265 

creating widespread hardship (Khanal et al., 2007). Moreover, this river has a proven history of changing river 266 

paths, making it difficult and dynamic to address the risk of floods (Tiwari and Joshi, 2012). During the monsoon 267 

season, the large volume of upstream flow affects downstream catchments and the floodwaters in the southeast and 268 

southwest of the area. Apart from these main causes, river density is critical in defining more and less flooded areas 269 

and high dense regions created by porous soil and low elevated regions (Mukerji et al., 2009). The dense and 270 

abundant rainfall is observed in the downstream portion, which has a greater risk of flooding than in other study 271 

regions. It has been found in previous research that dense and abundant rainfall has a greater flood probability 272 

(Donat et al., 2013; Sharma et al., 2000; You et al., 2008). It is worth remembering that the Koshi River flood is a 273 

clear signal of Nepal’s flood susceptibility and its need to tackle this susceptibility by reducing and preparing 274 

catastrophe risks rather than concentrating on humanitarian support. 275 

In this study, we acquired flood contributing factors from various sources and filtered them for relevance. ALOS 276 

DEM products are widely available and easy to use and have been commonly used in many studies to extract flood 277 

contributing factors https://www.earthdata.nasa.gov. In addition, in hydrological analysis, some advanced DEM 278 

products, i.e., SRTM (30 m) and ALOS PALSAR (12.5 m) DEM outperformed ALOS DEM. Therefore, the effect 279 

of various advanced DEM products on flood probability modeling is needed. Furthermore, it is essential to note that 280 

the main shortcomings of this study are a temporal discrepancy between flooding and its contributing factors. 281 

Lithology and soil texture can generally be considered constant and do not change over the years. 282 

Nevertheless, seasonal changes will affect land cover, DEM, and DEM derive factors. Moreover, particular flood 283 

contributing factors can change significantly within each year. Hence, developing a dynamic analysis of flood 284 

probability with different temporal aspects will become increasingly important in the future work. 285 

Lastly, it should be noted that using various machine learning algorithms and geospatial techniques is extremely 286 

effective in conducting FPM based on time, expenses, and precision without expert judgment in modeling. This 287 

research also provided insights into the execution of FPM in basin-scale since the findings achieved are relevant to 288 
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regional and local governments of flood-prone areas, which shows that FPM can be effectively executed in the other 289 

region with similar environmental characteristics.  290 

5. Conclusions 291 

This study evaluated innovative multiple kernel functions in the machine learning algorithms, i.e., GPR and SVM 292 

with GPR-PUK, GPR-Poly, GPR-Normalized Poly, GPR-RBF, SVM-PUK, SVM-Poly, SVM-Normalized Poly, and 293 

SVM-RBF kernels in flood probability mapping. The proposed algorithms have not been examined previously and 294 

are presented here to exploit the advantages of multiple kernel functions for basin-scale flood modeling. Results 295 

suggested that the SVM-PUK kernel algorithm performed the best, with SVM-PUKr
2: 0.990 and 0.995, SVM-296 

PUKMAE: 0.012 and 0.009, SVM-PUKRMSE: 0.071 and 0.051, SVM-PUKRAE: 3.32 and 1.81%, and SVM-PUKRRSE: 297 

14.20 and 10.19% for training and testing datasets than other algorithms, which is a significant success in the scope 298 

of the study. Besides, the algorithm’s accuracy (88%) confirmed that it could almost perfectly classify the flood 299 

points in the study area. Therefore, the findings of this study can be helpful to relevant authorities’ direct flood 300 

control initiatives in basin-scale to minimize vulnerability to flooding, enhance flood early warning systems, and 301 

evacuate flood victims.  302 

Dynamic influence of climatic and environmental variables, e.g., rainfall and land cover, were not considered in this 303 

study. Future research is recommended to consider climatic and land cover dynamic characteristics to predict flood 304 

probability. In addition, future studies will consider multiple climate models combined with MLAs to predict future 305 

flood scenarios in the study area.  306 
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