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Abstract 22 

Background: flash flood modeling faces many challenges since physically-based hydrological models are unsuitable for a small 23 
spatiotemporal scale. With the increased availability of hydrological observed data, an alternative approach is to use machine 24 
learning (ML) techniques. This work conducts a Systematic Literature Review (SLR) to enhance our comprehension of the research 25 
landscape on ML applications for modeling flash floods.  26 
Methods: starting with more than 1,200 papers published until January 2024 and indexed in Web of Science, SCOPUS/Elsevier, 27 
Springer/Nature, or Wiley databases, it was selected 50 for detailed analysis, following the PRISMA guidelines. The 28 
inclusion/exclusion criteria removed reviews, retractions, and papers that were not in the scope of this SLR and included only 29 
papers that used data with a temporal resolution finer than 6 hours. From each selected paper, among other information, data were 30 
extracted regarding the forecasting horizon, the size of the study area, the different input data, the chosen machine learning 31 
technique, and the type of outcome in order to characterize the model applied to flash flood forecasting.  32 
Results and Discussion: there has been a notable increase in publications investigating ML techniques for flash flood modeling 33 
over the last few years. Most of the studies are performed in China (38%). In 49 out of 50 of the selected papers used as input data 34 
just one or an exclusive combination of the following measurements: discharge, rainfall, and water level. From this set, the 35 
combination of discharge and rainfall appears in almost 40% of the papers. Notably, 60% of the studies utilize the long short-term 36 
memory (LSTM) method. No method consistently outperforms all others in the selected papers. Unfortunately, only 10% of the 37 
selected articles provide access to their data. We recommend integration into early warning systems, development and 38 
dissemination of benchmarks, publication of successful case studies, and multidisciplinary collaboration. 39 

Keywords: artificial intelligence, flood forecasting, disasters, PRISMA 40 

Page 1 of 20 AUTHOR SUBMITTED MANUSCRIPT - ERC-102807

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



 
 

GLOSSARY 41 

Term Description Term Description 

AE Autoencoders GAN Generative Adversarial Network 

ANFIS Artificial Neural Network and Fuzzy 
Inference System GRU Gated recurrent units 

ARMA Autoregressive–Moving-Average KNN K-nearest neighbors algorithm 

BMA Bayesian Model Averaging LSTM Long Short-Term Memory 

CGBR Categorical Gradient Bosting Regression MARS Multivariate adaptive regression spline 

CNN Convolutional Neural Networks MLP Multilayer Perceptron 

Conv-LSTM Convolutional Long Short-Term Memory OPENML Open Machine Learning 

DANN Domain-Adversarial Neural Network PSO Particle swarm optimization 

DNN Deep Neural Network RF Random Forest 

DSTGNN Dynamic Spatiotemporal Graph Neural 
Network RNN Recurrent neural network 

DT Decision Tree SVM Support Vector Machine 

ED Enconder Decoder XGBoost Extreme Gradient Boosting 

ELGBDT Extreme Learning Machines and Gradient 
Boosted Decision Trees   

 42 

1. Introduc�on 43 

Nearly 44% disasters worldwide have been associated with floods, and different types of floods account for 31% economic losses 44 
[1]. It is estimated that from 2000 to 2024 (until August), floods affected over 1.8 billion people and caused a global annual average 45 
economic loss of US $ 38.88 billion [2]. Worsening this situation, ongoing global climate change is expected to increase the 46 
frequency and magnitude of such events [3,4]. Flash floods are one of the most common types of natural disasters around the world 47 
[5,6]. Flash floods refer to a high peak discharge or a fast rise in water level (mostly <6 h) [7] often triggered naturally by heavy 48 
rainfall [8], quick snowmelt [9], or induced by dam and levee breaks [10]. Since the triggering events usually occur on a small 49 
spatiotemporal scale, flash floods are predominant in urban areas with steep terrain or poor drainage systems, especially in regions 50 
prone to severe weather events [4]. Smaller and steeper watersheds respond more rapidly to intense precipitation, resulting in a 51 
shorter time lag between the onset of heavy rainfall and the rise of water levels or river discharge, which may provide less warning 52 
time to residents and emergency responders [8].  53 

Hydrological models are used to study the hydrologic cycle, representing a part (or stage) of it [11]. There are many forms of 54 
hydrological models since they are designed to deal with different problems. These models consider various factors, such as 55 
catchment characteristics and the spatial and temporal variations in rainfall [12], which can explicitly describe flash flood behaviors. 56 
Therefore, they are essential tools for flash flood prediction and issuing timely warnings. 57 

Despite the advances in physically-based hydrological models [13], such models are still typically applicable for flood 58 
forecasting in larger watersheds with slower responses and are not designed to detect rainfall and runoff variations that occur on a 59 
small spatiotemporal scale, which can lead to flash floods. To monitor trigger mechanisms, operational flash flood forecasting relies 60 
on high-resolution remote sensing data, such as weather radar, to estimate rainfall accumulated volumes or weather numerical 61 
models to forecast precipitation at short lead times [5]. The increased availability of hydrological observed data (e.g., water level 62 
and discharge) led to a growth in the use of data-driven hydrological models, where time-series of river level or discharge are 63 
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forecasted without the need of knowing watershed-related physical parameters [14]. Given that good quality observed data is 64 
available, data-driven models can be more accurate in predicting river dynamics response, demanding less computational time and 65 
calibration needs than physically-based hydrological models [15]. 66 

Artificial intelligence (AI) is a broad research field that involves the design of systems based on computer programs capable of 67 
emulating human intelligence and thought processes to perform tasks such as reasoning, learning, interacting adaptively with the 68 
environment, and making decisions without the need for specific instructions [16]. Among the possible approaches to designing AI 69 
systems, the most prominent is the use of machine learning (ML) techniques, which, generally speaking, are founded on the concept 70 
of learning directly and only from data [17]. It is worth noting that the great momentum that AI has achieved in recent years can be 71 
largely attributed to advancements in the predictive performance of ML techniques, mainly using deep learning (DL) – see Figure 72 
1. 73 

 74 
 75 

 76 
 77 
Figure 1. Artificial intelligence (AI) trend towards deep learning (DL) for hydrological forecast/prediction along the years. 78 

 79 
 80 
As a consequence of the remarkable growth of ML methodologies in hydrological modeling, there has emerged a need for 81 

periodic literature reviews aimed to delineate the significant advancements and challenges within this research area. In 2014, a 82 
seminal contribution to this domain was presented by [18], wherein the researchers conducted a comprehensive examination of the 83 
contemporary advancements and prospective utility of support vector machine (SVM) techniques within the realm of hydrology. 84 
In the subsequent year, [19] investigated the utilization of ML for streamflow forecasting spanning from 2000 to 2015. The research 85 
revealed that over the years under examination, ML methods have exhibited substantial advancements in the domain of hydrological 86 
forecasting and simulation, effectively capturing complex information in the data that the previous methods were not capable of. 87 

Since 2021, there has been a substantial increase in the publication of review articles focused on applying ML within the field 88 
of hydrology. Notably, we draw attention to the work by [20], wherein the authors investigated the progress in employing ensemble 89 
methods across diverse hydrological application domains. Their findings suggest a general trend of superiority in performance 90 
compared to conventional machine learning models. In the runoff context, a comprehensive examination is presented in [21], where 91 
the authors assessed the specific utilization of adaptive neuro-fuzzy inference systems (ANFIS), artificial neural networks (ANN), 92 
and SVM for runoff simulations. The primary objective of this review was to elucidate the principal merits and limitations inherent 93 
to each of these methodologies. Other reviews on the use of ML in hydrological contexts can be found in [22–24]. 94 

With the progress of scientific repository search tools, the prospect of methodically organizing and reproducing literature review 95 
protocols has emerged, culminating in the establishment of a paradigm known as Systematic Reviews [25]. In [26], a systematic 96 
review is conducted about the state-of-the-art of ML and DL methods in the prediction of hydrological processes, climate changes, 97 
and earth systems. Other more general systematic reviews involving hydrology can be found in [27]. Given the foregoing, the 98 
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present paper conducts a Systematic Literature Review (SLR) to enhance our comprehension of the research landscape on ML 99 
applications for modeling flash floods. 100 

 101 

2. Methodology 102 

To the best of our knowledge, this represents the inaugural comprehensive literature review on ML models for flash floods. We 103 
outlined the scope of the review to tackle different key questions regarding flash flood forecasting while maintaining conciseness. 104 
This review covers articles on ML and hydrological models through a deep search in large scientific databases, for this purpose, it 105 
adopts the process suggested by [28,29], and the resources of Preferred Reporting Items for Systematic Reviews and Meta-Analyses 106 
– also known as PRISMA 2020 to make the review transparent and replicable. A table with all processes carried out, the PRISMA 107 
2020 checklist, is presented at https://github.com/rogerionegri/iFAST. 108 

Our search strategy employed keywords relevant to the research questions, utilizing Boolean operators (AI, ML, DL, hydrology, 109 
hydrological model, hydrological forecast, flood, rainfall-runoff, fast response, fast dynamic, rapid response, rapid dynamic, short 110 
lead time, and/or short-term forecast). These terms were structured into overarching concepts or tiers. We used “OR” to encompass 111 
synonyms and alternative spellings and “AND” to connect primary terms with secondary ones. It was considered articles published 112 
in peer-reviewed journals in the English language until December 2023. The following databases were considered: Web of Science, 113 
SCOPUS/Elsevier, Springer/Nature, and Wiley. The searches took into account the paper titles, keywords, and abstracts. No limit 114 
was set for the number of articles returned in the query. Also, we included 20 other papers based on previous knowledge of the 115 
literature. 116 

In the first screening process, we removed duplicates. In the second one, we removed reviews, retractions, and papers that were 117 
not in the scope of the review for addressing mainly topics such as rainfall forecast, groundwater forecast, flood mapping, coastal 118 
flooding, tsunami forecast, or for dealing with data with time resolution coarser than 6 hours. So, the final set of papers for this 119 
review had 50 papers. Considering this final set of papers on ML models for flash floods, we analyzed different characteristics. A 120 
datasheet with all the 50 selected papers and their attributes is presented at https://github.com/rogerionegri/iFAST. A summary of 121 
the attributes considered in this study is presented in Table 1. 122 

 123 
Table 1. Summary of attributes observed in the reviewed papers. 124 

Attribute Description 

area of study country in which the research is carried out 

data availability if data is publicly available  

input data input data used in the model (rainfall, water level, or discharge) 

lead time (max)[h] maximum forecast horizon 

lead time (min) [h] minimum forecast horizon 

ML main method type of ML method 

model output data level, discharge, or both 

regression, classification, or both the model predicts either a value or a class (category) for each input data 
presented to it, respectively 

remote sensing if the paper uses remote sensing data (radar or satellite) 

temporal resolution (min) temporal resolution of input data 
 125 
 126 
Lastly, the PRISMA diagram of this systematic review can be seen in Figure 2. 127 
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 128 

 129 
Figure 2. The PRISMA 2020 workflow diagram. 130 

 131 
 132 

3. Results and Discussion 133 

Figure 3 displays the number of publications, both yearly and cumulatively, related to the topic of this review. It is evident that 134 
there has been a considerable increase in recent years, particularly after 2021, and there was published a huge number of papers in 135 
2023. Such growth is possibly due to either the worsening of flash flood occurrences due to recent climate changes or the availability 136 
of ML methods proposed recently. 137 

Papers identified: 1217 

Papers screened: 808 

Papers sought for retrieval: 808 

Papers assessed for eligibility: 808 

Papers included in the review: 50 

Records removed before screening: 
Duplicated records removed: 409 
Records marked as ineligible by automatic tools: 0 
Records removed by other reasons: 0 

Papers excluded: 0 

Papers not retrieved: 0 

Papers excluded according to "Reason 1": 758 

Identification 

Screening 

Included 
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 138 
Figure 3. Absolute and cumulative number of publications about machine learning (ML) applied to flash floods per year. 139 

 140 
 141 
 142 
The top seven journals encompass a diverse range of fields, from Hydrol1ogy to applications of Computer Science. Regarding 143 

the frequency of articles reviewed per journal, as shown in Figure 4, Water (MDPI) and Journal of Hydrology (Elsevier) are the 144 
two main sources of research on ML for modeling flash floods. 145 

 146 
 147 
 148 

 149 
Figure 4. Frequency of articles using machine learning (ML) for flash flood hydrological modeling by journal. 150 

 151 
 152 

3.1 In which countries is it most common to find research related to ML and flash floods? 153 

Figure 5 presents a spatial representation of the number of studies conducted in different areas of the globe. This representation 154 
allows us to identify that the revised studies cover 20 countries distributed throughout Asia, Europe, and North and South America. 155 
Most of the study areas are located in Asia (with a highlight on China (38%) and the Republic of Korea (8%)) and the United States 156 
(8%). 157 
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 158 
 159 
Figure 5. Frequency of articles applying machine learning (ML) to flash floods according to country application. 160 
 161 
 162 
This scenario may be a reflection of the fact that China and the United States are among the countries with the most experience 163 

in dealing with floods in the world, alongside India, Indonesia, the Philippines, and Brazil [30]. China is the country most severely 164 
threatened by flood disasters globally, with damages from such events between 1990 and 2017 accounting for approximately 10% 165 
of the world’s total [31]. Flash floods, in particular, are widely recognized as a significant cause of human casualties and economic 166 
losses in China [32,33]. From the American perspective, flash floods result in the highest number of casualties among various flood 167 
events in the U.S. [34,35]. American national assessments have shown that the eastern U.S. frequently experiences flood events, 168 
accounting for a substantial proportion of the country’s flood-induced fatalities. This is partly due to tropical cyclone-related 169 
precipitation, which contributes nearly 30% to annual rainfall in the region due to its geographic position [36]. Lastly, looking at 170 
the Republic of Korea, most small urban river basins in Korea have a very short concentration time, which leads to frequent and 171 
deadly accidents caused by flash floods during located heavy rainfall [37]. 172 

 173 

3.2 Which input and output data are most commonly used in machine learning (ML) models for flash floods? 174 

Among the 50 selected articles, rainfall is the most commonly applied input variable, appearing in 44 studies (88%). Discharge 175 
data is used in 23 studies (46%), and water level data is employed in 19 studies (38%). 49 articles utilized as input data just one or 176 
an exclusive combination of the following measurements: discharge, rainfall, and water level. Only one work applied runoff solely 177 
as input data [38]. Notably, only four papers (8%) combined rainfall, water level, and discharge data simultaneously. Additionally, 178 
four studies used only rainfall data, three studies used only water level data, and two studies 4% used only discharge data. Figure 6 179 
exposes the distribution of the input data used in the 50 studies analyzed in this work. 180 
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 181 
Figure 6. Distribution of the input data applied by the 50 analyzed articles. Values in [] mean the number of articles that used 182 
only this data as input; values within the arrows mean the number of papers that shares the input data. 183 
 184 
 185 
 186 
It is worth noting that discharge and rainfall are the most common combinations in these studies and are also appropriate for 187 

physically based models. Studies that exploit water level data in ML applications for flash flood prediction have great potential, as 188 
acquiring water level data is often simpler than acquiring discharge data [39]. 189 

Among the selected articles, 60% of the selected articles presented discharge as output, while 38% of them displayed water level 190 
as output. It is worth mentioning that only one article (2%) did not present either the discharge or water level as output. In [40], 191 
dynamic clustering and random forest techniques were used to identify flood types and select appropriate model parameters. Then, 192 
the Xinanjiang model for real-time flood forecasting was applied. In this approach, three flood indicators were identified as the 193 
most important factors characterizing flooding: flood duration, peak discharge, and runoff depth.  194 

Lastly, although more than half of the articles provided discharge and water level as the output of their works instead of a flood 195 
extent map, most of them used historical flooding event records in their simulations, for example, to train a neural network or to 196 
endorse and/or validate their results, for example [41–46]. 197 

 198 

3.3 What is the most used ML method for modeling flash floods? 199 

Table 2 presents a list of the most used ML methods for modeling flash floods. It also shows a short description of each method 200 
and the respective papers in which they are presented as one of the main methods (methods with best performance). Furthermore, 201 
the frequency of each ML method applied for hydrological modeling is shown in Figure 7. It is possible to see that the LSTM was 202 
the most used method, appearing as one of the methods in 60% of the works, followed by MLP, used in 28%. The revised studies 203 
also used CNN, tree-based methods (Decision Trees or Random Forests), and the Support Vector Machine (SVM), which were 204 
used, respectively, in 16%, 16%, and 14% of the papers. Other methods were employed, like k-Means, KNN, Extreme ML, Particle 205 
Swarm Optimization, and Fuzzy-based methods, on a minor frequency. 206 

 207 
 208 
 209 

Water level [3] 

Rainfall [4] 

Discharge [1] 

Other variables [1] 

4 8 
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Table 2. List of the most used ML methods for modeling flash floods. 210 

Method Short Description Papers in this review 

AE [47] 
Neural network architecture designed for unsupervised learning that learns 
to encode input data into a latent representation and reconstruct it with 
minimal loss 

[48] 

ANFIS [49] Hybrid system that combines fuzzy logic and NN techniques for adaptive 
modeling and inference [50] 

ARMA [51] 
Combines autoregressive and moving average components to predict a time 
series based on its own past values and error terms, balancing short and 
long-term dependencies 

[52] 

BMA [53] 
Statistical technique that combines Bayesian models in a temporal 
framework, considering changes in relationships between variables over 
time 

[54] 

CGBR [55] 
Advanced ensemble model that incorporates ordered boosting for 
categorical features. It employs minimal variance sampling to balance tree 
growth, enhancing prediction accuracy and computational efficiency 

[56,57] 

CNN [58] DL architectures adept at processing structured grid data, utilizing 
convolutional layers to learn hierarchical features automatically [46,59–62] 

Conv-LSTM [63] 

Integrates convolutional operations within LSTM units. It processes input 
sequences by convolving spatial features and capturing temporal 
dependencies simultaneously, enhancing the model’s ability to learn 
spatiotemporal patterns efficiently 

[46,56,60] 

DANN [64] The Dynamic that adjusts the structure of the neural network during training [65] 

DNN [66] 

Deep Neural Networks learn complex features by passing data through 
multiple layers of interconnected nodes, or neurons, mimicking human 
brain function for tasks like image recognition and natural language 
processing 

[45] 

DSTGNN [67] Method for modeling dynamic spatiotemporal data, leveraging GNN to 
capture spatial dependencies and temporal dynamics efficiently [68] 

DT [69] A ML algorithm that recursively partitions data based on feature values to 
create a predictive model represented by a tree-like structure [70–73] 

ELGBDT [74] 
An ensemble learning technique that combines the strengths of Extreme 
Learning Machines and Gradient Boosted Decision Trees for efficient and 
accurate predictive modeling 

[75] 

Enconder-Decoder 
(ED) [47] 

NN architecture consisting of an encoder and decoder, trained to learn a 
compressed representation of input data by minimizing the reconstruction 
error between input and output 

[62] 

GAN [76] 

DL framework consisting of two neural networks, the generator and the 
discriminator, engaged in a minimax game. The generator synthesizes data 
while the discriminator distinguishes between real and generated samples, 
aiming to achieve equilibrium in generating realistic data distributions 

[38] 

 211 
 212 
 213 
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Table 2. Continuation. 214 

GRU [77] 
Type of RNN, designed to capture long-range dependencies in sequential 
data, featuring simplified memory cells and gating mechanisms for 
efficiency in training 

[56,57,62,78,79] 

k-Means [80] Clustering algorithm that partitions data into K clusters based on similarity, 
iteratively adjusting cluster centroids until convergence [40,71,73] 

k-NN [81] Lazy supervised learning method where a data point is classified by a 
majority vote of its k nearest neighbors [52] 

LSTM [82] RNN designed to capture long-term dependencies in sequential data by 
utilizing specialized memory cells and gating mechanisms 

[9,38,41,42,46,48,56,5
7,59–62,68,78,79,83–
98] 

MARS [99] 
Statistical method for non-linear regression analysis, employing piecewise 
linear segments to model complex relationships between multiple predictor 
variables and a response variable 

[71] 

MLP [100] 
NN with multiple layers of interconnected neurons, including an input layer, 
one or more hidden layers, and an output layer. It utilizes backpropagation 
for supervised learning 

[45,46,52,62,72,84,94,
98,101–104] 

OPENML [105] 
Technique in ML that efficiently prunes irrelevant neurons from extreme 
learning machines to enhance model performance and reduce computational 
complexity 

[71] 

Random Forest (RF) 
[106] 

An ensemble learning method in ML, consisting of multiple decision trees 
during training, resulting in improved accuracy and reduced overfitting 
through the aggregation of predictions. 

[40,46,70,107] 

RNN [108] 
Process sequential data by retaining information from previous inputs, 
making them suitable for tasks involving sequences such as time series 
prediction and natural language processing 

[45,95] 

SVM [109] 
Supervised ML algorithm that constructs a hyperplane in high-dimensional 
space to classify data points by maximizing the margin between different 
classes while minimizing classification error 

[57,61,62,84,102,110,1
11] 

Transformer [112] 

NN architecture based on self-attention mechanisms, enabling parallel 
processing of sequential data by capturing long-range dependencies without 
recurrent connections, yielding significant advancements in various natural 
language processing tasks 

[98] 

XGBoost [86] 
Gradient boosting algorithm that efficiently handles various regression and 
classification tasks by sequentially adding weak learners, employing 
regularization techniques to prevent overfitting 

[44,72] 

 215 
 216 
 217 
 218 
 219 
 220 
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 221 
 222 
Figure 7. Frequency of machine learning (ML) methods for hydrological modeling of flash floods. 223 

 224 
 225 
 226 
Figure 8 shows a comparison between all ML methods presented in the articles, including methods for comparing results and 227 

the main methods, which are the methods with the best performance in each paper. It is possible to note that LSTM is used and 228 
performed as one of the best methods in this set of papers. However, no one method always performs better than any other. So, it 229 
is critical to try different methods in each research problem to find out what is most appropriate in each case study. 230 

 231 
 232 
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 233 
Figure 8. Proportion of all mentioned machine learning (ML) methods (left) and the main methods of each selected paper 234 
(right). A connection (gray line) from a method on the right to a method on the left means that those methods were compared 235 
in the same paper - and the method from the right in this connection was one of those with the best performances in that paper. 236 
 237 
 238 

3.4 Which lead time (min and max) and temporal resolution have scientists used to investigate flash flood forecasting? 239 

The lead times values varied from 5 minutes [44] to 720 hours [48]. Most sub-hourly predictions employed multiple variables 240 
for training, typically a combination of water level and rainfall [44–46,83,88,90,101,104]. A combination of hourly rainfall and 241 
discharge was predominantly used to forecast lead times starting at 1 hour to a maximum of 720 hours, e.g., [48]. The majority of 242 
the studies that applied LSTM methods foretasted discharge for lead times from 1 to at least 6 hours [9,41,42,46,48,60,84]. 243 

 244 

3.5 Is remote sensing widely used in ML hydrological models? 245 

Despite being a common data source in many environmental studies and applications [73], remotely sensed data were observed 246 
in only seven works (14%) of the reviewed studies (Figure 9). This limited usage may be attributed to the coarse spatial resolution 247 
typically associated with meteorological products (e.g., precipitation and other environmental descriptors) derived from remote 248 
sensing data, as well as uncertainties related to their estimates. Additionally, the usual unavailability of meteorological RADAR 249 
sensors may further contribute to this limited use. Consequently, studies might prefer or rely on other data sources, such as ground-250 
based measurements, hydrological models, or historical flood records. Lastly, the temporal resolution of remotely sensed data might 251 
not fit well with the temporal dynamics of flash floods, which require high-frequency data for accurate modeling. 252 
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 253 
Figure 9. Ratio of the 50 articles that (i) presented water level, discharge, or both as output; (ii) used remotely sensed data; 254 
(iii) made data available; and (iv) applied regression, classification, or both. 255 
 256 
 257 
However, although not well-exploited in the literature, it is worth highlighting that remotely sensed data, especially those 258 

acquired by RADAR sensors, may provide valuable data and support for ML-based approaches designed for flash flood prediction 259 
[113]. 260 

 261 

3.6 Data availability 262 

Among the reviewed articles, only 10% of them made the data used in the research publicly available [54,59,71,83,84], while 263 
90% of them did not make the data available (Figure 9). While it is necessary to respect the data confidentiality policies of 264 
companies and institutions, this result is concerning as it reduces the possibility of replicating and validating results. Furthermore, 265 
it limits collaborations in the scientific community that could advance research in this field. Lastly, data sharing helps speed up the 266 
pace of discovery and its benefits to society. 267 

 268 

3.7 What is the most frequent problem: regression or classification? 269 

Regression is the most common method for predicting flash floods, according to the selected papers. As shown in Figure 9, 41 270 
out of the 50 articles applied at least one regression algorithm to predict flash floods. Among them, four articles also applied a 271 
classification algorithm to tackle this problem. Furthermore, five articles used regression and classification algorithms to predict 272 
flash floods. 273 

The dominance of regression algorithms can be explained by the fact that the variable of interest, i.e., the output data, is 274 
continuous in most of the articles included in this review. Basically, regression analysis is an ML approach that aims to predict the 275 
value of continuous output variables using input variables. 276 

 277 

4. Main findings and open ques�ons 278 

This SLR found a significant increase in the number of papers published considering ML methods for flash flood modeling. Out 279 
of over 800 papers, 50 were selected that aligned with the scope of the SLR. Most of the studies examined focus on the regions of 280 
China, the US, and the Republic of Korea. Rainfall and discharge data emerge as the predominant input variables, and discharge is 281 
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the main output: compatible with physical-based models. 60% of the studies employ the LSTM method as one of the methods. 282 
Remotely sensed data are utilized in only 14% of the reviewed studies. Unfortunately, only 10% of the selected papers make data 283 
publicly available. Lastly, regression is the primary problem addressed by the papers. 284 

ML methods seem to be robust for predicting flash foods. Due to their data-oriented nature, they implicitly adapt to different 285 
input data, such as rain gauges or weather radar estimates of rainfall, water level or discharges, etc. Another advantage of ML 286 
methods for hydrological modeling is their low processing cost. For instance, a neural network may demand a few hours for the 287 
training and validation phase, but once trained, the resulting model is fast enough for real-time demands of a few minutes, even 288 
seconds. 289 

The following presents some open questions in ML modeling for flash floods, mainly about feature selection, uncertainty 290 
propagation, physically-inspired approaches, and open data sharing. Feature selection is the process of choosing the set of variables 291 
to be used as input in an algorithm. It is a widely adopted data preprocessing step in ML. In addition to providing faster algorithms, 292 
it can also provide a better understanding of the underlying physical process being modeled [114]. Feature selection has been 293 
applied in a variety of studies of streamflow forecasting. In [115], a comparison of eight filter-based feature selection methods is 294 
performed for monthly streamflow forecasting. In [116], in the context of daily streamflow forecasting, a comparison is made 295 
between the feature selection ability of a hydrologist and that of different model structures that select automatically. However, even 296 
with the work already performed, more comparative studies on the application of feature selection for hourly streamflow prediction 297 
still need to be conducted, which may be further explored. 298 

The uncertainty analysis for hydrological models stands as an important open question. The complex nature of modeling real-299 
world hydrological processes, particularly flash floods, presents an ongoing challenge. Understanding and quantifying uncertainties 300 
associated with input and calibration data, model structural elements, and parameters is critical. These uncertainties not only affect 301 
the reliability of predictions but also impact decision-making processes for flash flood forecasting. A recent review of hydrological 302 
model uncertainties indicates that this issue remains at an early stage and requires further exploration and investigation [117]. Brand 303 
new research recognized the significance of this issue [118], but more is needed. 304 

Recently, new mesh-free approaches have emerged with the help of ML methods that assimilate available observations and 305 
compute surrogate solutions of nonlinear partial differential equations (PDE), such as the Saint-Venant equation related to hydraulic 306 
problems [119,120]. For example, [121] established a physics-informed ML (PIML) model to combine the predictive ability of ML 307 
algorithms with the understanding of hydrological processes in physics-based models. A physics-informed learning algorithm such 308 
as physics-informed neural networks (PINN) can solve PDE using feed-forward neural network architectures and including physical 309 
laws representing the spatial and temporal changes through computational methods for automatic differentiation [122]. Many 310 
problems are still open in ML algorithms for hydrology contributions, such as the black box models or surrogate models where the 311 
objective function is approximated by optimizing the model’s hyperparameters to get optimal solutions. There is a current need to 312 
generate mathematical and computational knowledge of substitute modeling related to physical phenomena and data observation, 313 
which may have promising results as a support tool for hydrological studies in a watershed at different temporal and spatial 314 
resolutions. 315 

Considering the vast diversity of ML methods for hydrological modeling, as well as different areas of study with different 316 
climates, it would be challenging to compare and rank these methods. As a consequence, there is an appeal towards the use of open 317 
data sharing, making publicly available standard datasets related to specific test cases of hydrological forecasts. 318 

 319 

5. Ge�ng evidence into prac�ce 320 

The use of ML approaches in flash flood forecasting is promising. However, in order to convert this theoretical potential into 321 
practical products and applications and maximize its impacts, it is necessary to undertake a set of actions involving collective 322 
efforts. In this regard, some recommendations are outlined below: 323 

• Integration of ML into early warning systems  324 
Integrate ML models in early warning systems because such models can be fed in real-time with hydrological, 325 
meteorological, and satellite data to identify patterns indicative of flood occurrences and issue alerts with a better 326 
compromise between lead time and assertiveness; it is essential to have close cooperation between ML developers, specialists 327 
such as meteorologists and hydrologists, and also civil defense agents from monitored risk areas to ensure that the alerts 328 
remain accurate and interpretable.  329 
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• Development and dissemination of benchmarks 330 
Create standardized benchmarks based on diverse datasets and realistic scenarios and make them available to the scientific 331 
community for (i) evaluating the effectiveness of developed ML solutions, (ii) ensuring their reliability and practical 332 
applicability, and (iii) fostering rapid innovations in the field. 333 

• Publications and reviews focused on case studies 334 
Publications highlighting successful case studies with valuable insights into the challenges faced and the strategies used to 335 
overcome them can reinforce the confidence of other researchers and practitioners in ML approaches and offer practical 336 
guidance for applying them as solutions in their contexts. 337 

• Multidisciplinary collaboration and scientific events 338 
The organization of events such as workshops, seminars, and scientific conferences that bring together experts in AI, 339 
hydrology, disaster management, and public policy facilitates the exchange and collaboration among these professionals, 340 
which is essential for the development and implementation of integrated solutions that drive innovations in flood forecasting 341 
aligned with social and environmental needs. 342 

The last topic to be highlighted is that, as in any systematic review, the set of keywords determines the papers eligible to be 343 
included in the analysis. In this study, only the papers containing the keywords “artificial intelligence” or “machine learning” or 344 
“deep learning” were considered. This decision has the penalty of leaving out some relevant papers about flash flood forecasting 345 
that apply traditional statistical methods but were not associated with ML or AI by their authors, like [123,124]. Future versions of 346 
systematic reviews about flash flooding forecasting may consider explicitly statistical and physical based methods. 347 

 348 
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