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A B S T R A C T   

Flash floods are a type of catastrophic disasters which cause significant losses of life and property worldwide. In 
recent years, machine learning techniques have become powerful tools for evaluating flash flood susceptibility. 
This research applies stacking and blending ensemble learning approaches to assess the flash flood potential in 
Jiangxi, China. Four base models – linear regression, K-nearest neighbours, support vector machine, and random 
forest – are adopted to build the two ensemble models. All models are evaluated by three metrics (accuracy, true 
positive rate, and the area under the receiver operating characteristic curve) and compared with a Bayesian 
approach. The results suggest that the blending approach is superior to all the other models, which has then been 
selected to evaluate the vulnerability of flash floods for all the catchments in Jiangxi. The derived maps of flash 
flood susceptibility suggest that over half of the province, in terms of either area or the number of catchments, 
are prone to flash floods, in particular the north, northeast and south. These empirical findings can help to 
develop plans for disaster prevention and control, as well as improving public knowledge of flash flood hazards.   

1. Introduction 

Flash floods are climate-related natural disasters characterized by 
rapid flooding that is mainly triggered by heavy rainfall, meltwater from 
ice/snow, debris flow, or landslides (Hapuarachchi et al., 2011). Due to 
its rapid onset, high intensity, and fast movement, flash floods can 
impose severe damages to both manmade and natural environments. 
From 1990 to 2020, 695 flash floods occurred worldwide, causing over 
57,000 casualties and an economic loss of $66.9 billion (https://public. 
emdat.be/data). In Europe, around 40 % of deaths relevant to flooding 
through 1950–2005 were attributed to flash floods (Barredo, 2007). In 
China, the annual average for deaths caused by flash floods from 2011 to 
2019 was 353; that number additionally accounts for 60 %-80 % of total 
deaths caused by floods (Tu et al., 2020). More frequent and serious 
flash floods can be expected in the future due to rising sea-levels brought 
about by climate change, thereby culminating in more intense storms 
(Rust, 2021). Because of our limited ability to save lives and properties 

from disastrous hazards upon occurrence, more emphases have been 
placed on the prevention and mitigation of flash floods (Li et al., 2018). 
This can be accomplished by many means – one of which is to evaluate 
flash flood susceptibility. 

The flash flood susceptibility of a region can be considered as the 
propensity for flash floods determined by its physical characteristics 
(Khosravi et al., 2016; Mosavi, et al., 2018). Traditional approaches for 
evaluating flash flood susceptibility mainly include statistical or hy-
drological models. Common statistical methods include regression 
analysis, bivariate statistics (e.g., weights-of-evidence, Shannon’s en-
tropy, frequency ratio, etc.), and multi-criteria decision analysis 
(MCDA) such as grey relational analysis and analytical hierarchy process 
(AHP) (Khosravi et al., 2016; Youssef et al., 2016; Costache and Bui, 
2020). These approaches often rely on expert knowledge and the results 
are therefore commonly subject to bias and uncertainties. Hydrological 
models attempt to identify the relationships between flash floods and 
influencing factors by simulating hydrological processes with 
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hydrodynamic models (Reed et al., 2007; Rozalis et al., 2010). Such 
models however require highly accurate long-term hydrological, topo-
graphic, and meteorological data, all of which are difficult to obtain. 
Further, hydrological models are often site-specific and their applica-
bility to other catchments is very limited, therefore making them un-
suitable for large-scale regional studies. 

In recent years, the emergence of big data collected by various sen-
sors monitoring weather, rainfall and water levels has enabled data- 
driven knowledge discovery in relation to flash floods. Along with ad-
vances in new computational models and high-performance computing 
techniques, machine learning (ML) approaches have been increasingly 
applied in flash flood modelling. Common ML techniques that have been 
adopted in assessing flash flood susceptibility include logistic regression 
(LR) (Cao et al., 2020; Costache and Bui, 2020), support vector machine 
(SVM) (Ma et al., 2019; Xiong et al., 2019), decision trees (DT) (Ara-
bameri, et al., 2020; Ha et al., 2021), random forest (RF) (Costache et al., 
2020; Hosseini et al., 2020; Abedi et al., 2021; Zhang et al., 2022), and 
neural network (NN) (Bui et al., 2020; Chen et al., 2021), among others. 
Several studies have demonstrated the capability of ML in identifying 
the complex relationships between flash floods and potential triggers 
(Mosavi et al., 2018). 

As a single ML model often has various weaknesses such as over-
fitting or instability, a variety of hybrid and ensemble learning ap-
proaches have been developed to better assess flash flood susceptibility. 
Hybrid models are usually built through integrating ML models with 
other approaches; for instance, bivariate statistics or MCDA (Costache 
et al., 2020). Ensemble learning combines the predictions from two or 
more ML models. Common ensemble approaches include bagging, 
boosting, stacking, and blending. The former two combine models of the 
same type (e.g., decision trees) to lower the instability or the bias of a 
single model, and the latter two generally integrate different types of 
models, seeking better performance by utilizing different models’ 
strengths while minimizing their weaknesses (Kuhn and Johnson, 2013). 
Most ensembles that have been adopted to evaluate flash flood suscep-
tibility are bagging or boosting, such as decision-tree-based bagging 
(Chapi et al., 2017; Bui et al., 2019; Arabameri et al., 2020; Ha et al., 
2021), Adaptive Boosting (AdaBoost) with decision trees (Bui et al., 
2019; Pham et al. 2020; Ha et al., 2021), Gradient Boosting Decision 
Tree (GBDT) (Chen et al., 2021), and eXtreme Gradient Boosting 
(XGBoost) (Abedi et al., 2021; Ma et al., 2021). Many empirical studies 
have shown that ensemble approaches often outperform a single ML 
model (Bui et al., 2019; Arabameri et al., 2020). However, few studies 
have utilized stacking or blending in assessing flash flood susceptibility, 
which will be the focus of this research. 

It is worth noting that models with optimal performance theoreti-
cally may not necessarily generate better results in substantive appli-
cations. For instance, in a study of flash flood susceptibility in Northeast 
Vietnam, tree-based bagging outperformed two boosting algorithms – 
LogitBoost and AdaBoost (Bui et al., 2019). When assessing the sus-
ceptibility of flash floods in Markazi, Iran, Pham et al (2020) found that 
AdaBoost produced better results than bagging in terms of accuracy. In a 
study of flood risk in the Pearl River Delta, China, Chen et al. (2021) 
found that GBDT performed better than XGBoost, which is commonly 
considered having better learning capacity. Further, the applicability or 
generalization ability of various ML methods in different geographic 
contexts remains unknown. 

To this end, this research aims to evaluate flash flood susceptibility 
with stacking and blending ensemble learning approaches, which have 
received little attention in flash-flood related studies. The main contri-
bution of this research lies in the provision of empirical evidence with 
respect to the ability of stacking and blending ensembles in assessing 
flash flood susceptibility. The empirical study is carried out for Jiangxi 
Province, China, which suffers from various levels of flash floods every 
year due to local meteorological conditions, hydrological context, and 
topography. 

The paper is structured as follows. The next section introduces the 

study area and data employed in this research. The research methods, 
including adopted ML models as well as the metrics for performance 
evaluation, are then explained in Section 3. The obtained flash flood 
susceptibility and model performance metrics are presented in Section 4. 
Section 5 discusses model performance, policy implications and research 
limitations. The paper concludes with major findings, highlighting the 
promising performance of ML approaches in particular the ensemble 
learning in assessing flash flood susceptibility. 

2. Study area and data 

2.1. Study area 

The study area is Jiangxi Province, located in East China (see upper- 
left map in Fig. 1). As shown by the lower-left map in Fig. 1, Jiangxi 
contains 11 cities and has a dense river network consisting of 3,771 
rivers, altogether covering an area of over 10 km2. The largest fresh-
water lake in China, Poyang Lake, lies in the north of the province. The 
terrain in Jiangxi is dominated by mountains and hills, which account 
for about 78 % of the province’s land area. Located in a subtropical 
monsoon climate zone, Jiangxi possesses a warm and humid climate 
with a mean annual rainfall of around 1,400 ~ 1,900 mm (Fu et al., 
2019). 

Given its topographic and climatic characteristics, Jiangxi suffers 
various degrees of flash flood hazards induced by heavy rains every year, 
which has caused serious casualties and economic losses. During 
1991–2015, the average annual area affected by flash floods was 6440 
km2, leading to a direct economic loss of ¥8.98 billion and 58 deaths (Fu 
et al., 2019). Also, flash floods are the type of hazard with the largest 
number of deaths within the province. Therefore, flash flood prevention 
and mitigation are key and long-standing tasks of local government for 
which high-quality flash flood susceptibility mapping is an important 
means. 

2.2. Data 

The assessment of flash flood susceptibility often relies upon his-
torical flash flood events and the physical characteristics of a region (Li 
et al., 2018; Mosavi et al., 2018). The primary dataset adopted here is 
the flash flood inventory map of Jiangxi (1950–2015), provided by the 
Flood Control and Drought Relief Division, Emergency Management 
Department of Jiangxi. In addition, ten variables are employed as pre-
dictors (also known as features in ML), which might trigger the occur-
rence of flash floods. Those variables are selected based on data 
availability and previous studies (Khosravi et al., 2016; Bui et al. 2020; 
Pham et al., 2020; Abedi et al., 2021), assuming no significant changes 
in their values over time. The description of each variable, associated 
datasets, data providers, data formats and spatial resolution are pre-
sented in Table 1. 

Catchments are adopted as the spatial unit for data analysis. There 
are in total 12,338 catchments in Jiangxi, among which 940 contain 
historical flash floods. Accordingly, 940 catchments without historical 
flash floods are randomly selected across the study area. As a result, the 
sample dataset includes 1,880 observations (catchments) with the 
outcome variable having either a value of 1 (flash flood) or 0 (non-flash 
flood), as depicted by Fig. 1. For the influencing factors defined on raster 
data, the average value of each variable is calculated for each catchment 
if the original unit of measurement is not a catchment. For the calcu-
lation using vector data, each catchment is represented by its centroid. 
Fig. 2 illustrates the geographic locations of catchment centroids in the 
sample dataset, as well as the spatial variations of selected catchment 
characteristics and precipitation. 

3. Methods 

Flash flood susceptibility assessment or prediction is considered a 
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binary classification problem in ML, where an outcome is either a flash- 
flood event or a non-flash-flood event. ML models are fitted with the 
sample data of 1,880 observations that contain both outcomes and ten 
influencing factors/features as mentioned before. 

The framework of data modelling and analysis is described by Fig. 3. 
First, the dataset is divided into two subsets: a training set and a test set, 
containing 70 % and 30 % of total observations, respectively, which is a 
common practice in predicting (flash) flood susceptibility with ML. Both 
stacking and blending ensembles contain two levels of models: base 
models and a meta-model, where base models are fitted on the training 
set and the obtained predictions are then compiled to train the meta- 
model. As diverse nature (e.g., linear or nonlinear) is often desirable, 
four base models – LR, K-nearest neighbours (KNN), SVM, and RF – are 
employed in this research, their selection being based on previous 
studies (Ma et al., 2019; Cao et al., 2020; Costache et al., 2020; Abedi 
et al., 2021) as well as the characteristics of each model. LR is a linear 
model and the other three are non-linear. Unlike most ML approaches 
that often seek linear or non-linear class boundaries, KNN employs the 
neighbourhood of an observation to estimate its classification. SVM, as a 
type of kernel method, can produce flexible class boundaries. RF is 
insensitive to the correlation between predictors (influencing factors) 
and can avoid overfitting. The meta-model is often simple and easy to 
interpret; here, LR is adopted as the meta-model. After they are fitted, all 
models are first assessed using the predictions from the test set. Then, a 
10-fold cross validation (CV) with 100 repetitions is adopted to generate 
groups of performance metrics for model comparison. Finally, the model 
with the best performance is selected to evaluate the susceptibility of 
flash floods for all the 12,338 catchments in the study area. The 
remainder of this section will introduce basic definitions of each model, 

hyperparameter tuning, and model evaluation and comparison in detail. 
The analysis procedure, comprising of model fitting, hyperparameter 

tuning, and model evaluation and comparison, is implemented with 
scikit-learn (https://scikit-learn.org/stable/index.html), a free open- 
source Python library for predictive data analysis with ML techniques. 
ArcGIS (version 10.8), the most popular commercial GIS software, is 
employed for data management, processing and visualization. 

3.1. Base models 

LR is a common ML algorithm for binary classification problems. 
Assuming the probability of a flash-flood event is p, LR models the log 
odds of flash floods as a linear function, as shown in (1): 

log(
p

1 − p
) = β0 + β1x1 + β2x2 +⋯+ βkxk (1)  

where xi (i = 1,2,⋯,k) is a factor (i.e., feature) that associated with the 
occurrence of flash floods, and there is a total of k factors under concern; 
βi is the regression coefficient and β0 is the intercept. 

KNN predicts the class of a new sample using the K-closest data 
points in the sample data (e.g., the training set). The closeness is usually 
defined by distance, such as Euclidean or Minkowski. For a new sample, 
the proportion of its K-closest neighbours in a class determines the 
probability it belongs to that class. The predicted class for the new 
sample is therefore the one containing the most K-closest neighbours. 

SVM is a type of statistical modelling technique (Vapnik, 2010). In 
the context of classification, a linear SVM constructs a set of hyperplanes 
to separate the sample data into different classes. The hyperplane 
furthest away from the closest data point of each class will be selected as 

Fig. 1. Study area and the sample dataset.  
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the classifier (known as the maximum-margin classifier or the SVM). 
When the boundaries of classes are non-linear, a kernel trick will be 
applied to the maximum-margin hyperplanes (Boser et al., 1992). 
Considering the complexity of the relationship between flash floods and 
associated factors, a non-linear SVM will be adopted in this research. 

For classification problems, RF consists of a set of classification trees. 
Each tree is constructed with a subset of the entire training set and a 
random fraction of the input features (Breiman, 2001). A classification 
tree partitions the sample data into smaller and homogeneous groups, 
where homogeneity can be defined by a variety of metrics such as the 
Gini index or cross entropy. When making the prediction for a new 
sample, each tree votes a class. The class probability of the new sample is 
defined by the proportion of votes in each class, and the one with most 
votes is the predicted class. 

3.2. Stacking 

In the stacking ensemble (hereafter referred to as Stacking), the meta- 
model is trained on the out-of-fold predictions by base models through 
CV. The detailed learning procedure can be described by Fig. 4. First, the 
training set is split into k folds – a 10-fold CV is adopted in this research. 
Each base model is fitted using (k-1) folds and predictions are made with 
the remaining fold. That procedure is repeated for each of the k folds. 
The predictions from all base models, along with the outcomes from the 
training set, are then utilized to train the meta-model. 

3.3. Blending 

In the blending ensemble (hereafter referred to as Blending), the 

meta-model is fitted on the predictions on a holdout validation set. As 
shown in Fig. 5, the training set is split into two parts: one is the vali-
dation set, and the other is used to train the base models. Predictions are 
then made by the base models on the validation set and complied as the 
input features, along with the outcomes from the validation set, to fit the 
meta-model. 

3.4. Hyperparameter tuning 

ML models usually include one or more hyperparameters, which are 
model configuration arguments guiding the learning process. Hyper-
parameters can have significant effects on the learning results (Kuhn and 
Johnson, 2013). It is thus often necessary to find the hyperparameter 
values that can achieve the best model performance (e.g., maximum 
accuracy) for a given dataset, which is known as hyperparameter tuning. 
The tuning procedure is implemented within a search space, within 
which a point is a vector containing a value for each hyperparameter. 
The approach employed in this research is “grid search”, where the 
search space is a discrete grid consisting of specified hyperparameter 
values. The best hyperparameter values are obtained by cross-validated 
searching over that grid. The search spaces for the key hyperparameters 
involved in each model are defined by Table 2, where the values are 
selected by trial and error as well as based on the empirical findings of 
similar studies (Chen et al., 2021). For the hyperparameters that are not 
included in Table 2, the default values set by the scikit-learn library are 
used. 

Table 1 
Features (factors) adopted for assessing flash flood susceptibility.  

Variable Description Data Source 

Dataset Data Provider Data 
Format 

Spatial 
Resolution 

Slope Slope measures the deepness of earth’s surface, which 
directly affects the speed of surface runoff. 

DEM Dataset of China 
(2014) 

National Geomatics Center of China Raster 25 m * 25 m 

Elevation Water generally runs from high elevation and 
accumulates at lower elevation, and thus places with 
lower altitude are more prone to flooding. 

Shape factor Shape factor is the ratio of catchment area to the square 
of longest flow path, which affects the concentration 
time. 

Concentration 
gradient 

Concentration gradient is the slope of the longest flow 
path, calculated as its height (difference of elevations at 
origin and outlet) divided by its length. Higher 
concentration gradient usually implies higher 
propensity for flooding. 

Topographic wetness 
index (TWI) 

TWI is a proxy of soil moisture indicating the degree of 
water accumulation in a catchment. Higher TWI often 
implies higher potential for runoff concentration and 
thus higher propensity for flooding. 

Rainfall Rainfall is the main source for generating runoff and 
short-term heavy rainfall is the main trigger for flash 
floods. The rainfall adopted here is the maximum 
rainfall within 10 min in a 2-year return period. 

Statistical Parameter 
Atlas of Rainstorms in 
China (2010) 

China Institute of Water Resources 
and Hydropower Research 

Vector 1:1000,000 

Peak discharges per 
unit area 

Peak discharges per unit area is the ratio of peak 
discharges (per second) to catchment area. A catchment 
with higher peak discharges per unit area is often less 
prone to flooding. 

Time of concentration Time of concentration refers to the time for water to 
travel across a catchment’s longest flow path to reach 
catchment outlet. A catchment with shorter time of 
concentration is often more prone to flooding. 

Normalized difference 
vegetation index 
(NDVI) 

NDVI is used as a proxy of vegetation conditions. Areas 
with smaller NDVI (lower vegetation density) are often 
more prone to flooding. 

The Landsat 7 
Collection 1 Tier 1 
Annual NDVI 
Composite 

Google (https://developers.google. 
com/earth-engine/datasets/catalog/ 
LANDSAT_LE07_C01_T1_ANNUAL_N 
DVI) 

Raster 30 m * 30 m 

Distance to the nearest 
river 

Distance is a common measure of geographic proximity. 
Areas near rivers are often more prone to flooding. 

River System in China 
(2012) 

National Earth System Science Data 
Center of China (https://www. 
geodata.cn) 

Vector 1:250,000  
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Fig. 2. Spatial variations of selected factors: (a) Slope; (b) Elevation; (c) Shape factor; (d) Concentration gradient; (e) TWI; (f) Rainfall; (g) Peak discharges per unit 
area; (h) Time of Concentration; (i) NDVI; (j) Distance to nearest river. 
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Fig. 2. (continued). 
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3.5. Model evaluation and comparison 

Several measures have been proposed to assess ML model 

performance, examples being accuracy, precision, true positive rate 
(TPR) (recall or sensitivity) and specificity (Kuhn and Johnson, 2013). 
As a high rate of correctly classified flash floods are of more interest than 

Fig. 2. (continued). 

Fig. 3. Data modelling and analysis framework.  
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non-flash floods in this research, three measures – accuracy, TPR, and 
the area under the receiver operating characteristic curve (ROC-AUC) – 
are adopted here, which are widely applied in two-category classifica-
tion problems (Bui et al., 2019, 2020; Arabameri et al., 2020). As dif-
ferences between those measures obtained from a test set could be 
caused by chance, statistically comparing model performance is 

necessary to examine whether a model systematically predicts better 
than the other. This is achieved by a Bayesian approach (Benavoli et al., 
2017), which is applied to two groups of performance measures ob-
tained from two models through a 10-fold CV with 100 repetitions. 
Compared with the corrected paired t-test which examines whether two 
groups of values (i.e., the performance of two models) are significantly 

Fig. 4. Procedure of stacking ensemble learning.  

Fig. 5. Procedure of blending ensemble learning.  
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different, Bayesian analysis can tell how likely a model is better/worse 
than, or like the other, based on a given metric. 

Accuracy is the percentage of correctly classified observations. TPR 
is the rate of correctly predicted flash floods, while the false positive rate 
(FPR) is the rate of incorrectly classified non-flash floods. The rela-
tionship between TPR and FPR is often depicted by the receiver oper-
ating characteristic (ROC) curve on a range of probability thresholds. 
The area under the ROC curve (AUC) is known as ROC-AUC, which 
varies between 0 and 1, and larger values indicate better model ability of 
distinguishing between flash flood and non-flash flood observations. 

Following the Bayesian approach by Benavoli et al. (2017), the prior 
of the mean, μ, of the differences between two groups of values repre-
senting model performance, is modelled as a Normal-Gamma distribu-
tion conjugate to a normal likelihood. The Bayesian estimation will 
generate the posterior of μ as a normal distribution, which is used to 
compute the probability that a model is superior/inferior/equivalent to 
the other. As the Bayesian approach is applied to the resampled dataset 
through a 10-fold CV with 100 repetitions, the model performance will 
depend on the fold. That is, the obtained performance metrics are not 
independent of each other, and therefore Nadeau and Bengio’s corrected 
variance (Nadeau and Bengio, 1999) is adopted here. 

4. Results 

First, the performance of each model is assessed on the test set. Then, 
the results from Bayesian analysis are used for model comparison, on 
which a final model is selected and adopted to produce the maps of flash 
flood susceptibility in Jiangxi. 

4.1. Model performance 

The best hyperparameter values for each base model from the grid 
search are shown in the last column of Table 2. For the stacking model, a 
10-fold CV is used. For the blending model, the best results are obtained 
when 10 % of the training set is utilized as the hold-out validation set. 

Both base and ensemble models are first fitted onto the training set 
with selected hyperparameter values, and subsequently make pre-
dictions on the test set. The values of performance metrics calculated 
using those predictions are presented in Table 3. The blending model has 
the highest accuracy (0.828), slightly higher than that of RF (0.824). 
KNN has the lowest accuracy (0.667) and ROC-AUC (0.742). Although 
LR has a low accuracy (0.690), it has the highest TPR (0.745), 0.004 

higher than those of stacking and blending models. RF has the highest 
ROC-AUC (0.876), but it has the lowest TPR (0.656). It can be observed 
that there is not a model which performs best or worst according to the 
three metrics. In general, both stacking and blending models have 
satisfactory results for all the three metrics. 

The ROC curves for all the models are further depicted by Fig. 6, 
where the grey dashed line indicates a model without any prediction 
skill (i.e., ROC-AUC = 0.5). Clearly, all the six models can correctly 
predict flash floods to some extent, but with varying abilities. The three 
models – RF, Stacking and Blending – have better performance than the 
other three models –LR, KNN and SVM. The ROC curves of RF, Stacking 
and Blending are very similar, where the latter two have the same ROC- 
AUC which is slightly smaller (0.003) than that of RF. In general, 
compared with LR and KNN, SVM can correctly predict a higher pro-
portion of flash-flood events at the same FPR. 

4.2. Model comparison 

The values of performance metrics – accuracy, TPR and ROC-AUC – 
obtained from CV are depicted by Fig. 7, where the green triangle and 
the orange line indicate the mean and the median, respectively. At the 
top of each graph, the mean (μ) and standard deviation (SD) (σ) of each 
metric are labelled for each model. Fig. 7(a) indicates that, RF, Stacking, 
and Blending generally have higher accuracy than LR, KNN and SVM. 
Blending has the highest mean accuracy, 0.862, about 0.04 higher than 
that of RF or Stacking. On average, LR is the least accurate. Again, Fig. 7 
(b) suggests Blending performs best as it overall can get 76.3 % of his-
torical flash floods predicted correctly. Typically, LR and SVM have 
similar performance as Blending; however, they have higher SDs. The 
performance of Stacking is slightly better than RF, with a difference of 
0.015 in the mean TRP and similar SDs. The model performance rep-
resented by ROC-AUC (Fig. 7(c)) is similar to that shown in Fig. 7(a). 
Although Blending performs best based on the mean AUC, it has the 
largest SD. RF and Stacking have similar performance, both of which are 
superior to LR, KNN and SVM, according to the mean and the SD of AUC. 

Table 4 shows the results of model comparison with Bayesian 

Table 2 
Search space for hyperparameter tuning.  

Model Hyperparameter Search Space Optimal 
Value 

LR norm of the penalty {‘l1′, ‘l2′} ‘l2′

inverse of regularization strength {0.001, 0.01, 0.1, 
1.0, 10, 100} 

100 

KNN number of nearest neighbours {5, 10, 15, 20, 25, 
30, 35, 40, 45, 50} 

35  

weight function {‘uniform’, 
‘distance’} 

‘distance’ 

SVM type of kernel {‘linear’, ‘poly’, 
‘rbf’} 

‘rbf’  

regularization parameter {0.001, 0.01, 0.1, 
1, 10} 

1  

kernel coefficient {‘auto’, ‘scale’} ‘scale’ 
RF number of trees {100, 200, 300, 

400, 500, 
600, 700, 800, 
900, 1000} 

200  

maximum depth of a tree [3, 20] 4  
maximum features considered when 
splitting a tree node 

[3, 10] 9  

minimum number of observations 
needed when splitting a tree node 

{2, 3, 4} 4  

Table 3 
Values of model performance metrics based on the test set.  

Model Performance Measure 

Accuracy TPR ROC-AUC 

LR  0.690  0.745  0.760 
KNN  0.667  0.706  0.742 
SVM  0.702  0.738  0.774 
RF  0.824  0.656  0.876 
Stacking  0.814  0.741  0.873 
Blending  0.828  0.741  0.873  

Fig. 6. The ROC curves based on the test set.  
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Fig. 7. Performance metric values from CV: (a) accuracy; (b) TPR; (c) ROC-AUC.  
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analysis, where each value indicates the probability that Model 1 is 
worse or better than, or equivalent to Model 2 based on a particular 
metric. Based on accuracy, it is almost certain that Blending is better 
than all the other models. It is highly probable that LR is worse than all 
the other models except KNN (the probability is 0.575). Stacking has 
equivalent performance to RF, both of which are superior to the other 
three base models. If considering TPR, Blending still seems superior to 
all the other models, but with varying certainties; that is, there are 
higher probabilities for KNN, RF and Stacking and lower probabilities 
for LR and SVM. Unlike the poor performance assessed by accuracy, LR 
performs better than KNN, RF and Stacking with high probabilities 
(>0.960). Only one model, RF, performs worse than Stacking, with a 
probability of 0.893. In fact, RF is the worst model based on TPR. If ROC- 
AUC is concerned, there is a very high probability (>0.970) that 
Blending is the best approach. Similarly, the ROC-AUC suggests that 
Stacking and RF have similar performance, which are better than the 
other three base models. LR and KNN could have similar performance, 
but with a lower probability (0.725). Overall, Blending consistently 
performs best according to the three metrics. 

4.3. Estimated flash flood susceptibility 

Based on the above model performance metrics, the blending 
ensemble is chosen as the final model and fitted onto the entire dataset. 
The trained model is utilized to estimate the susceptibility of flash floods 
for all the catchments in Jiangxi, depicted by Fig. 8. In addition, 
different levels of flash flood susceptibility can be derived with various 
thresholds. Currently, there is no consensus on how to define different 
flash flood susceptibility levels. For example, several classification 
methods were adopted in previous studies, such as the Jenks Natural 
Breaks (Bui et al., 2019), Equal Interval (Ma et al., 2019) and Quantile 
(Costache et al., 2020) approaches. Two examples are given in Fig. 9: 
one with two levels using a threshold of 0.5 and the other with three 
levels using two thresholds, 0.35 and 0.65. The former is commonly 
adopted by ML algorithms in two-category classification problems, and 
the latter is chosen with a consideration of the context of Jiangxi 
Province. 

As shown in Fig. 8, the catchments are grouped into nine categories 
based on their susceptibility to flash floods, the value of which varies 
between 0 and 1, with higher values implying higher degrees of sus-
ceptibility. It can be observed that most catchments have a value>0.7 
and are highly prone to flash floods – these are primarily located in 
northern, north-eastern, and southern Jiangxi. Most catchments in the 
northeast have a susceptibility level higher than 0.5, indicating a high 
propensity for flash floods. Elsewhere, the catchments with a suscepti-
bility level lower than 0.5 seem evenly distributed across the study area. 

In Fig. 9(a), a catchment with a probability higher or equal to 0.5 

would be considered susceptible to flash floods, and insusceptible 
otherwise. Fig. 9(a) indicates that most catchments have a propensity for 
flash floods, especially those in the north and south. Comparatively, the 
catchments in the east and southeast are less vulnerable to flash floods. 
In fact, about 55.8 % of catchments within the study area are susceptible 
to flash floods with a probability of 0.5 or above. If considering area, 
over half of the study area (about 56.1 %) is prone to flash floods. In 
Fig. 9(b), the catchments are grouped into three categories – high, me-
dium, or low-level flash flood susceptibility. Unlike Fig. 9(a), Fig. 9(b) 
discloses more spatial variations in flash flood susceptibility. Again, 
most catchments (53.3 %) remain greatly vulnerable to flash floods, 
particularly in northern and southern Jiangxi. Only about 10.4 % of the 
catchments are at the medium level of susceptibility, which largely 
concentrate in the northeast and the west. It seems that the catchments 
least predisposed to flash floods are evenly distributed across the study 
area except for the northeast, which accounts for 36.4 % of total 
catchments. If considering area, the proportions of susceptibility levels 
are 52.8 % (high), 13.2 %, (medium) and 34.0 %, (low), respectively. 

5. Discussion 

Two objectives are achieved in this research: one is to investigate the 
ability of stacking and blending ensemble learning techniques in 
assessing flash flood susceptibility, and the other is to evaluate the flash 
flood potential in Jiangxi, China. The remainder of this section discusses 
model performance, policy implications of major findings, as well as 
research limitations and potential further work. 

5.1. Model performance 

The results of model comparison indicate that the performance of a 
model can vary depending on the adopted metric. For instance, LR is the 
least accurate on average (see Fig. 7(a)). In terms of TPR, however, RF 
performs worst, when in fact it is more accurate than the other three 
base models as well as Stacking. In contrast, the performance of 
Blending is consistent across different metrics (see Fig. 7), implying its 
superiority to all the other models based on the three selected metrics. 
Equivalently, it is often necessary to employ a variety of metrics to 
capture various aspects of model performance, which relies on the 
application context. For example, the positive outcome, i.e., flash floods, 
is of more interest in this case, and therefore TPR, rather than FPR is 
selected to evaluate model performance here. In other words, a model of 
higher TPR – having more flash-flood events correctly predicted – is 
more desirable. 

Further, it is worth noting that ensemble learning approaches do not 
necessarily outperform the base models upon which they are built. In 
this research, Stacking does not always have better performance than 

Table 4 
Results of Bayesian analysis for model comparison.  

Model 1 Model 2 Probability (Accuracy) Probability (TPR) Probability (ROC-AUC) 

Worse Better Equivalent Worse Better Equivalent Worse Better Equivalent 

LR KNN  0.575  0.010  0.415  0.001  0.967  0.033  0.266  0.009  0.725 
LR SVM  0.980  0.000  0.020  0.303  0.150  0.547  0.987  0.000  0.013 
LR RF  1.000  0.000  0.000  0.000  1.000  0.000  1.000  0.000  0.000 
LR Stacking  1.000  0.000  0.000  0.000  0.999  0.001  1.000  0.000  0.000 
LR Blending  1.000  0.000  0.000  0.682  0.057  0.261  1.000  0.000  0.000 
KNN SVM  0.778  0.000  0.221  0.996  0.000  0.004  0.965  0.000  0.035 
KNN RF  1.000  0.000  0.000  0.001  0.970  0.028  1.000  0.000  0.000 
KNN Stacking  1.000  0.000  0.000  0.015  0.843  0.141  1.000  0.000  0.000 
KNN Blending  1.000  0.000  0.000  0.989  0.000  0.011  1.000  0.000  0.000 
SVM RF  1.000  0.000  0.000  0.000  1.000  0.000  1.000  0.000  0.000 
SVM Stacking  1.000  0.000  0.000  0.000  1.000  0.000  1.000  0.000  0.000 
SVM Blending  1.000  0.000  0.000  0.616  0.075  0.309  1.000  0.000  0.000 
RF Stacking  0.000  0.003  0.997  0.893  0.000  0.107  0.000  0.000  1.000 
RF Blending  0.993  0.000  0.007  1.000  0.000  0.000  0.973  0.001  0.027 
Stacking Blending  0.994  0.000  0.006  1.000  0.000  0.000  0.980  0.000  0.020  
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LR, KNN, SVM or RF. For instance, if assessed using the test set, RF 
performs slightly better than Stacking according to accuracy and ROC- 
AUC (see Table 3). Based on the same criteria, RF and Stacking 
perform equally well if using repeated CV (see Table 4). When consid-
ering TPR, LR, KNN and SVM all perform better than RF with a high 
probability (see Fig. 5). 

5.2. Policy implications 

The empirical findings have policy implications. Since Figs. 8, 9(a) 
and 9(b) suggest that the catchments in the north, northeast, and south 
are highly prone to flash floods, disaster prevention and control plans 
can be designed targeting those areas. The priority of resource allocation 
can also be determined based on different levels of propensity for flash 
floods. Further, as policymaking in China is largely based on 

administrative units such as cities or counties, coordination and 
collaboration between different levels of administrative units is often 
necessary. Thus, maps of flash flood susceptibility can be overlaid with 
administrative boundaries, such as city boundaries shown in Fig. 1, to 
examine flash flood potential in each administrative division. For 
example, according to Figs. 1 and 9, the three cities in the northeast – 
Jingdezhen, Shangrao and Yingtan– are highly prone to flash floods. 
Again, the comparison of Figs. 2 and 8 can offer insight into the re-
lationships between derived flash flood susceptibility and associated 
factors, as well as how the relationships might vary across space. For 
instance, higher values of slope, elevation and concentration gradient 
imply higher levels of flash flood vulnerability in the northwest, 
northeast and west of the province. Interestingly, north-eastern Jiangxi 
is highly predisposed to flash flooding, but it has a lower level of rainfall 
(<= 13 mm) compared with the rest of the study area. The spatial 

Fig. 8. Flash flood susceptibility in Jiangxi estimated by Blending.  
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variations of distance to the nearest river and flash flood susceptibility 
seem to have similar patterns, indicating that areas closer to rivers are 
more susceptible to flash floods. Finally, other than Fig. 9, additional 
maps of flash floods demonstrating varying-degree susceptibility can be 
produced to support disaster management and land use planning as well 
as to improve public knowledge of flash flood hazards. 

5.3. Research limitations 

This research has some limitations and improvements can be made in 
further work. Firstly, the availability of high-quality data remains a big 
challenge for flash flood modelling. The binary outcome variable has 
been commonly adopted in flash flood susceptibility assessment (Pham 
et al. 2020; Ha et al., 2021) and this study, which ignores historical flash 
flood frequency in an area, is no exception. The results of modelling 
could be improved if highly accurate spatiotemporal historical flash 
flood data became available. Also, only ten factors are considered here, 
and other factors relevant to the occurrence of flash floods, such as li-
thology and soil depth, can be added to the ML models if associated 
datasets are available. Again, due to the spatial unit adopted for analyses 
(i.e., catchment), the estimated flash flood susceptibility shows no 
spatial variations across a catchment and inevitably contains un-
certainties introduced by aggregated values of ten factors. Further, four 
base models are adopted here and the learning ability of the two en-
sembles is therefore limited by the skills of those base models. A variety 
of combinations of other base models can be explored to seek model 
performance improvement in the future. In addition, current work does 
not explicitly incorporate spatial relationships (such as spatial inde-
pendence and spatial heterogeneity) into the modelling procedure, 

which is often important for evaluating natural disaster vulnerability 
such as flash floods. Furthermore, the data for the ten factors are from 
recent years and cannot reflect the exact natural conditions under which 
historical flash floods occurred. That inevitably introduced uncertainties 
in the obtained results. Considering the impact of human activities (e.g., 
urban expansion and energy-related carbon dioxide emissions) on the 
natural environment, the values of the ten factors—particularly rainfall 
and NDVI—will likely keep changing in the future. Thus, it would be 
valuable to incorporate the temporal dimension in flash flood modelling. 
Finally, given the complex nature of ML models, the interpretability of 
such models remains extremely challenging, and quantifying how each 
factor contributes to flash flood occurrence is worth further 
investigation. 

6. Conclusions 

Flash floods stand amongst the most damaging natural hazards in 
human, environmental, and economic terms. In recent years, ML tech-
niques have become powerful tools for evaluating flash flood suscepti-
bility. This research applies stacking and blending ensemble learning 
approaches to evaluate the flash flood susceptibility in Jiangxi, China. 
The results indicate that over half of the province, in terms of either area 
or the number of catchments, are vulnerable to flash floods, particularly 
the north, northeast, and south. About one-third of the province is at a 
low-level of susceptibility (<= 0.35). These findings can provide in-
sights into the capacity of stacking and blending ensembles in assessing 
flash flood susceptibility. Furthermore, maps of flash flood susceptibility 
can help improve public knowledge of flash flood hazards, as well as 
support disaster management and land use planning, which contributes 

Fig. 9. Different levels of flash flood susceptibility: (a) two ranks; (b) three ranks.  
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to city resilience and long-term sustainable development goals. 
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