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Abstract
Ensemble Machine Learning (EML) techniques have markedly advanced in hydrological modeling over the past decade, 
significantly enhancing predictive accuracy for complex tasks such as streamflow prediction, flood forecasting, and ground-
water estimation. This study presents a bibliometric analysis of 199 articles and a systematic review of 51 peer-reviewed 
articles, published from 2017 to December 2024. The bibliometric findings indicate a surge in EML adoption post-2018, 
driven by increasing demands for precise hydrological models amidst climate change and hydrological variability. The review 
categorizes EML strategies into Boosting, Bagging, and Stacking methodologies. Boosting methods—particularly Gradi-
ent Boosting Machines (GBM), Extreme Gradient Boosting (XGBoost), and LightGBM—were prominently featured in the 
reviewed studies, often noted for their capability in improved generalization and non-linearity handling. Stacking models, 
which integrate algorithms like Random Forest (RF), Artificial Neural Networks (ANN), and Long Short-Term Memory 
(LSTM) networks, were also frequently applied and reported as effective in managing the complexities of hydrological 
systems. Bagging methods, notably RF, were found effective in stabilizing performance in noisy datasets. Additionally, this 
study highlights the critical role of data preprocessing techniques such as Singular Spectrum Analysis (SSA), Recursive 
Feature Elimination (RFE), and Principal Component Analysis (PCA) in optimizing model performance and addressing data 
heterogeneity challenges. Approximately 60% of the systematic review studies focus on streamflow prediction; among these, 
hybrid approaches—both combining multiple ML algorithms (ML-ML) and coupling ML with optimization/statistical meth-
ods (ML-AO)—were frequently utilized and reported as well-suited for capturing non-linear hydrological dynamics. Despite 
significant advancements, model interpretability, scalability, and multi-source data integration challenges persist. This paper 
underscores the need for further research to enhance EML frameworks, mainly through integrating physics-based models 
and advancements in computational power. The findings provide critical insights into the current state of EML research in 
hydrology, highlighting essential areas for future exploration amidst growing environmental uncertainties.
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ANN	� Artificial neural network
MAE	� Mean absolute error
ARIMA	� Autoregressive integrated moving 

average
MARS	� Multivariate adaptive regression splines
BMASE	� Best model averaging super ensemble
MIC	� Maximum mutual information
BOA	� Bayesian optimization algorithm
ML	� Machine learning
BTOP	� Block-wise use of TOPMODEL
MLP	� Multilayer perceptron
CART​	� Classification and regression trees
MMFM	� Multiple-mode forecasting model
CMIP6	� Coupled model intercomparison project 

phase 6
MS-EnsPost	� Multi-statistic ensemble 

post-processing
CNN	� Convolutional neural network
NN	� Neural network(s)
Dagging	� Dataset aggregation
PCA	� Principal component analysis
DEM	� Digital elevation model
PCR-GLOBWB	� PCRaster global water balance
DT	� Decision tree
PCSWMM	� Personal computer storm water manage-

ment model
ECMWF	� European centre for medium-range 

weather forecasts
PRISMA	� Preferred reporting items for systematic 

reviews and meta-analysis
EML	� Ensemble machine learning
PSO	� Particle swarm optimization
EnsPost	� Ensemble post-processing
RF	� Random forest
ETRSE	� Extra tree regression super ensemble
RFE	� Recursive feature elimination
FURIA	� Fuzzy unordered rule induction 

algorithm
RMSE	� Root mean square error
GA	� Genetic algorithm
RQ	� Research question
GAN	� Generative adversarial network
SEL	� Super ensemble learning
GBM	� Gradient boosting machine
SHAP	� SHapley additive explanations
GIS	� Geographic information system
SMFM	� Single-mode forecasting model
GMM	� Gaussian mixture model
SPHY	� Spatial processes in hydrology
GPR	� Gaussian process regression
SSA	� Singular spectrum analysis
GRU​	� Gated recurrent unit
SSP	� Shared socioeconomic pathway

HBV	� Hydrologiska byråns 
vattenbalansavdelning

SVM	� Support vector machine
IoT	� Internet of things
TOPMODEL	� TOPography-based hydrological model
KGE	� Kling-gupta efficiency
WASE	� Weighted average super ensemble
KNN	� K-nearest neighbors
WoS	� Web of science
LIME	� Local interpretable model-agnostic 

explanations
XGBoost	� Extreme gradient boosting

Introduction

Hydrology, the science dedicated to understanding water’s 
movement, distribution, and quality, plays a pivotal role in 
addressing the increasing challenges posed by global climate 
change and rapid urbanization (Xia et al. 2022). The escalat-
ing frequency and intensity of extreme hydrological events, 
coupled with increasing demands on finite water resources, 
necessitate highly accurate and reliable predictive models for 
effective water resource management, infrastructure plan-
ning, flood control (Momeneh and Nourani 2022; Kisi et al. 
2024; Dai et al. 2024), drought mitigation (Nourani et al. 
2023; Ehteram et al. 2024), and sustainable development 
(Nourani and Najafi 2022). The ability to forecast hydrologi-
cal variables with high precision and confidence is there-
fore paramount for building resilience in water systems and 
mitigating socio-economic impacts. These models can be 
broadly classified into two primary categories: physically-
based and black-box models (Gurbuz et al. 2024).

Physically based models are grounded in the fundamental 
principles of physics and environmental science (Gichamo 
et al. 2024; Inan et al. 2024). They simulate hydrological 
processes by employing governing equations derived from 
fluid mechanics and thermodynamics (Xu et al. 2024a), 
allowing for a detailed representation of water movement 
and interaction within various hydrological cycle compo-
nents (Jayawardena 2021; Xu et al. 2023). While these mod-
els offer valuable insights into system behavior, they often 
rely on assumptions that simplify complex phenomena (Wi 
and Steinschneider 2022). Consequently, they often strug-
gle to capture the intricate, non-linear and spatially varied 
dynamics of real-world water systems (Khandelwal et al. 
2020), particularly under non-stationary conditions and 
rapid environmental change (Attar et al. 2024). These inher-
ent limitations underscore the challenges of relying solely 
on traditional process-based models for accurate and adapt-
able predictions in highly dynamic environments (Molajou 
et al. 2024).
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In contrast, black-box models, which encompass a 
range of statistical and machine-learning techniques, oper-
ate independently of explicit physical laws (Sayed et al. 
2023; Marcus and Teuwen 2024). These models leverage 
large, multi-dimensional datasets to identify patterns and 
relationships(Yaseen 2023), effectively modeling the sys-
tem behavior without the constraints of physical assumptions 
(Lee and Kam 2023). The application of Machine Learning 
(ML) and Deep Learning in hydrology has seen significant 
growth in recent years, proving effective in various tasks. 
For instance, ML/DL models, including SVM, RF, LSTM, 
and GPR, have been successfully applied to the challenging 
problem of drought forecasting, often enhanced by preproc-
essing techniques like Wavelet decomposition (Oruc et al. 
2024; Tuğrul et al. 2025). Similarly, methods such as ANN, 
RF, SVM, and DT, sometimes combined with transforms 
like Wavelet or feature selection techniques like MRMR, 
have been widely used to improve streamflow prediction 
accuracy (Tuğrul and Hinis 2025; Tosan et al. 2025). These 
advancements demonstrate the potential of data-driven 
approaches to capture complex patterns. However, a reliance 
on a single black-box model can still prove insufficient due to 
inherent limitations such as sensitivity to hyperparameters, 
risk of overfitting, bias, and high variance, particularly when 
faced with the complex, noisy, and heterogeneous hydro-
logical datasets characteristic of environmental systems (Xu 
and Liang 2021). The increasing need for models that offer 
enhanced robustness, accuracy, and generalization capability 
to navigate these complexities and uncertainties has driven 
the adoption of Ensemble Machine Learning (EML) meth-
ods (Nourani et al. 2023; Zounemat-Kermani et al. 2021). 
EML approaches aggregate the predictions of multiple mod-
els, thereby fundamentally enhancing predictive accuracy 
by capitalizing on the strengths of individual models while 
effectively mitigating their weaknesses and reducing overall 
prediction uncertainty (Khosravi et al. 2024; Adnan et al. 
2021). Techniques such as boosting, bagging, and stacking 
are particularly effective in reducing overfitting and improv-
ing the generalizability of models, making them well-suited 
for capturing the complex, non-linear relationships and inter-
actions prevalent in hydrological datasets (Wu and Wang 
2023; Leng et al. 2024).

The integration of EML methods into hydrological 
research has not only yielded substantial benefits but also 
unveiled several critical challenges. While progress has 
been made in specific applications like streamflow forecast-
ing and flood risk assessment, a thorough investigation into 
the methodological constraints and potential refinement 
areas still needs improvement. Many EML models encoun-
ter difficulties in effectively managing the complexities of 
high-dimensional data environments, which can hinder their 
operational effectiveness (Ayyalasomayajula 2023). Addi-
tionally, the capacity of these models to adapt to varying 

hydrological conditions remains a significant concern, par-
ticularly in real-time applications (Jiang et al. 2022). The 
sophisticated nature of EML approaches often leads to inter-
pretability issues, making it challenging for stakeholders to 
utilize these models in informed decision-making processes. 
Therefore, there is an urgent need for innovative method-
ologies that enhance the clarity and adaptability of EML 
techniques, facilitating their broader implementation within 
the hydrological community.

Despite the clear advantages and growing adoption of 
EML methods in hydrological research, the field is rap-
idly evolving, and a comprehensive, up-to-date synthesis 
is needed to consolidate understanding and guide future 
efforts. Existing reviews (e.g., (Zounemat-Kermani et al. 
2021)) have covered specific aspects or applications of 
EML or broader ML/DL in hydrology, providing valuable 
insights into data-driven approaches. However, this study 
offers a unique contribution and distinguishes itself from 
previous reviews through its specific focus and comprehen-
sive approach. This review uniquely combines a compre-
hensive bibliometric analysis of 199 publications to map 
the research landscape, identify key trends, and highlight 
influential work within the EML in hydrology domain with 
a rigorous systematic review of 51 high-quality articles to 
provide in-depth analysis of methodologies, performance, 
and applications, offering a robust and multifaceted perspec-
tive on the field’s development. Furthermore, we provide a 
detailed and critical analysis specifically on the predomi-
nant EML strategies (Boosting, Bagging, Stacking), their 
variations, and their reported performance characteristics 
across different hydrological tasks based on the systematic 
review, offering insights into which strategies are proving 
most effective and why. We also place particular emphasis 
on and analyze the critical role and types of data preprocess-
ing techniques employed in conjunction with EML models 
in the reviewed literature, examining how these techniques 
contribute to optimizing model performance and addressing 
common data challenges in hydrology. The review includes 
specific analysis and discussion on the application and 
effectiveness of advanced ensemble architectures such as 
Hybrid and Super-Ensemble models, including their inte-
gration with deep learning, representing the cutting edge of 
EML application in complex hydrological systems. Finally, 
drawing directly from the findings of our systematic review, 
we synthesize persistent methodological and practical chal-
lenges facing EML in hydrology (such as interpretability, 
scalability, data heterogeneity, and reporting inconsisten-
cies) and identify critical, specific areas for future research 
and development based on the gaps and needs identified in 
the literature.

By addressing these specific areas through an integrated 
bibliometric and systematic approach, this study provides 
a timely and in-depth synthesis that offers a consolidated 
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view of the state-of-the-art in EML for hydrological mod-
eling, identifies best practices, quantifies performance trends 
where possible based on reported studies, and highlights 
critical areas for future exploration to enhance predictive 
capabilities in the face of increasing environmental uncer-
tainties and data complexities. This work aims to serve as a 
valuable resource for researchers and practitioners navigat-
ing the complexities of applying advanced EML techniques 
in water resources management. The following key questions 
guide the research:

RQ1: What types of EML methods have been predomi-
nantly researched in hydrology, and which ones have gar-
nered the most attention from the academic community?
RQ2: Which specific EML models have demonstrated 
the highest performance in hydrological prediction tasks?
RQ3: How has the landscape of EML research in hydrol-
ogy evolved, which journals have played pivotal roles, 
and what emerging trends in keyword usage reflect the 
future directions of this field?
RQ4: What emerging trends and future directions can be 
identified for applying and improving EML models in 
hydrological predictions?

By addressing these questions, this study contributes to 
the academic understanding of EML in hydrology and pro-
vides practical insights for enhancing predictive accuracy 
and decision-making in water resource management. The 
findings will be particularly valuable for researchers and 
practitioners aiming to harness the full potential of EML 
models to confront the growing challenges posed by climate 
change and resource variability.

Methodology

This study employs a two-phase research approach compris-
ing a bibliometric analysis followed by a systematic review, 
each designed to explore the evolution of EML models in 
hydrology. Combining these methods allows for both quan-
titative and qualitative insights, providing a holistic view 
of the current state of EML research and its development 
over time. Below, we explain the methodology, including 
the rationale behind selecting databases, tools, and visuali-
zation methods and the specific criteria for article inclusion 
and exclusion.

Bibliometric analysis

The bibliometric analysis (Donthu et al. 2021) was con-
ducted using the Web of Science (WoS) database, selected 
for its comprehensive coverage of peer-reviewed scientific 
literature and its advanced citation analysis tools (Birkle 

et al. 2020). While acknowledging the value and breadth 
of other databases such as Scopus for bibliometric stud-
ies, this analysis focused on the WoS database. WoS was 
selected due to its rigorous curation process, comprehensive 
citation tracking capabilities, and reputation for indexing 
high-impact, peer-reviewed literature, which aligns with the 
study’s focus on prominent research trends and influential 
publications in the field of EML in hydrology (Smirnova and 
Mayr 2023; Hmouda et al. 2024). WoS is widely regarded 
as a premier resource for conducting high-quality biblio-
metric studies, providing robust data on publication trends, 
citations, and collaborations across multiple disciplines, 
including hydrology and ML. The choice of WoS ensures 
the inclusion of high-impact articles, adding credibility to 
the analysis.

The initial search query identified 225 publications from 
2012 onwards, revealing a notable upward trend starting 
in 2018. To focus on the most recent developments in the 
field, a time-based filter was applied, restricting the dataset 
to articles published from 2017 onward. This refinement 
resulted in a final dataset of 199 articles for detailed analy-
sis. Descriptive data visualization techniques were employed 
to illustrate the distribution, dispersion, and collaboration 
patterns of scientific production in this area. Specifically, 
the Bibliometrix package in R was used for quantitative bib-
liometric analysis (Aria and Cuccurullo 2017), conducted 
in a Shiny web environment, which allowed for dynamic 
data exploration (Farooq 2024). Additionally, VOSviewer 
software was utilized to generate network plots, providing 
visual representations of keyword co-occurrence and citation 
networks, further enhancing the understanding of collabora-
tion trends and research clusters (Żywiec et al. 2024).

Systematic review

In Phase 2, the data collection process for the systematic 
review built upon the results of the bibliometric analysis 
from Phase 1. This involved searching for relevant peer-
reviewed articles focusing on EML in hydrological mod-
eling. The approach adopted in this study is grounded in 
the Preferred Reporting Items for Systematic Reviews and 
Meta-Analysis (PRISMA) guidelines (Sarkis-Onofre et al. 
2021), a widely recognized methodological framework for 
systematic literature searches and reporting. The detailed 
flow of information, including the number of records identi-
fied, screened, and included/excluded at each stage, is illus-
trated in the PRISMA flow diagram (Fig. 1). The subsequent 
sections outline the process in detail, specifying the inclu-
sion and exclusion criteria applied at each step.

Step 1: Identification of Research Studies
The initial pool of documents for this systematic review 
was derived from the 225 articles identified through the 



Earth Science Informatics (2025) 18:416	 Page 5 of 36  416

comprehensive WoS search described in Sect. 2.1. To 
align the systematic review with recent advancements and 
the bibliometric analysis timeframe, a time-based filter 
was applied, restricting the dataset to articles published 
from 2017 up to the search date (December 2024). This 
step resulted in a dataset of 199 articles.

Exclusion criteria at this stage included:

- Document types other than peer-reviewed journal arti-
cles (e.g., books, book chapters, conference proceedings, 
reports, review articles).
- Non-English language papers.
Step 2: Screening of Research Studies
A total of 199 articles proceeded to the screening phase. 
This involved an initial evaluation of the titles and 
abstracts for relevance to the application of EML methods 
in hydrological modeling. This first screening level was 
conducted by two independent reviewers (V.N. and O.K.). 
Articles deemed ambiguous in relevance were retained 
for further evaluation. In the second stage of screening, 
the abstracts of the remaining articles were reviewed by 
a third reviewer (A.M.). To ensure the inclusion of high-

quality and impactful research, an additional exclusion 
criterion was applied based on journal ranking.

Exclusion criteria at this stage included:

- Articles whose title and abstract clearly indicated they 
were not relevant to the specific focus of EML in hydro-
logical modeling applications.
- Articles published in journals ranked below Q2 based 
on standard journal metrics (e.g., JCR quartile ranking).
Step 3: Eligibility Assessment of Research Studies
The eligibility of the articles that passed the screening 
phase was rigorously assessed based on predefined cri-
teria. Full-text versions of all studies selected by at least 
one reviewer in the screening stage were obtained for 
detailed review. Studies were included in the final sys-
tematic review analysis (resulting in 51 articles) if they 
met all the following inclusion criteria:
- The article was published in English in a peer-reviewed 
journal.
- The primary focus of the research was on the devel-
opment, application, or evaluation of EML methods in 
hydrological models.

Fig. 1   Search, retrieval, and 
screening flowchart adopted 
from Sarkis-Onofre et al. (2021)
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- The study presented empirical evidence demonstrating 
the effectiveness of EML models in specific hydrologi-
cal contexts (e.g., streamflow predictions, flood manage-
ment, groundwater estimation, water quality assessments, 
rainfall-runoff modeling, etc.).
- The study employed at least two or three commonly 
used performance evaluation metrics (e.g., RMSE, MAE, 
R2, NSE, KGE, etc.) to assess model performance.
- The methodology for developing and implementing 
the proposed EML model was clearly and transparently 
described, allowing for potential replication or under-
standing of the approach.

Following the application of these criteria, the pool of 
articles was narrowed down to the final 51 studies, which 
were selected for in-depth analysis.

Step 4: Analysis of Included Research Studies
In the final step, a thorough qualitative analysis of the 
51 eligible studies was conducted. Information regarding 
the type of EML models used, hydrological applications, 
data preprocessing techniques, performance metrics, limi-
tations, and future directions was extracted and synthe-
sized. These studies were exclusively used to address the 
research questions posed in the introduction. The findings 
from this analysis are presented in detail in the subse-
quent sections of this paper.

Findings

Bibliometric analysis

199 papers were analyzed as part of the WoS search, cover-
ing publications between 2017 and 2024 across 91 journals. 

Figure 2 presents an overview of these data. The articles 
collectively cited 8,900 references. The annual growth in 
publications related to EML methods in hydrology was 
examined based on the search criteria. As depicted in Fig. 3, 
a consistent upward trend was observed over time, starting 
with two publications in 2017 and increasing steadily to 54 
publications by September 2024.

Top contributing journals

The articles included in this analysis were published across 
289 distinct sources. The Journal of Hydrology (Q1) con-
tributed the largest number of documents, with 23 publi-
cations, followed by Water (Q2) with 17 documents, and 
Water Resources Management (Q1) in third place with 14 
publications. Figure 4 illustrates the top 10 sources with the 
highest publication counts.

Citation analysis

Table 1 presents the most frequently cited papers in this 
analysis. The most cited articles predominantly focus on 
applying hybrid EML models in hydrology. The 15 arti-
cles analyzed are pivotal contributions to EML applica-
tions in hydrology, reflecting significant advancements in 
predictive modeling and resource management. Their high 
citation rates underscore their influence in addressing criti-
cal gaps in hydrological modeling. Each study introduces 
innovative methodologies and empirical validations that 
enhance the accuracy and reliability of hydrological predic-
tions amid climate variability and resource constraints. By 
integrating advanced ML techniques with robust statistical 
analyses, these works serve as essential references, driving 
the evolution of EML methods in the field. In the following 

Fig. 2   Primary data information in Bibliometrix software
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sections, a detailed analysis of ten highly cited articles will 
be presented.

Paper (Bui et  al. 2019) analyzes hybrid ML models 
tailored for streamflow prediction, particularly under the 
SSP245 and SSP585 scenarios derived from CMIP6 climate 
projections. Employing a stacking architecture that inte-
grates Multilayer Perceptron (MLP) with ensemble methods 
like RF and GBM, the study leverages the strength of each 
model to address complex, non-linear hydrological behav-
iors. The methodology stands out for its meticulous feature 
engineering and model optimization, utilizing climate data 
with high spatiotemporal variability. Results underscore the 
superiority of the Stacking-MLP-RF model, which exhibited 

enhanced generalization capabilities and resilience against 
overfitting, especially compared to individual algorithms 
like LSTM and Adaptive Boosting (AdaBoost). By incorpo-
rating advanced hyperparameter tuning and cross-validation 
techniques, the study offers critical insights into improving 
predictive accuracy in hydrological modeling. This work 
advances the state-of-the-art in ensemble learning. It sets 
a benchmark for applying AI in environmental modeling, 
emphasizing the scalability of hybrid models for real-time 
water resource management in climate change.

Article (Yu et al. 2017) comprehensively evaluates RF 
and Support Vector Machine (SVM) methodologies for 
short-term rainfall forecasting using radar-derived data 

Fig. 3   Annual production of 
articles on the evolution of 
EML approaches in hydrologi-
cal Modeling

Fig. 4   Top 10 most relevant sources on the evolution of EML approaches in hydrological Modeling



	 Earth Science Informatics (2025) 18:416416  Page 8 of 36

across three reservoir catchments during typhoon events. 
The authors meticulously detail the operational mechanisms 
of RF and SVM, emphasizing their ensemble learning and 
kernel-based strategies, respectively, while exploring the 
construction of single-mode (SMFM) and multiple-mode 
forecasting models (MMFM). Through rigorous statistical 
analysis, including RMSE calculations across various lead 
times, the study reveals a significant performance dispar-
ity between SMFMs and MMFMs, with SMFMs consist-
ently outperforming MMFMs in predictive accuracy. The 
exploration of input variables, including antecedent rainfall, 
grid position, and elevation, underscores the intricate rela-
tionships governing rainfall dynamics. At the same time, 
incorporating typhoon characteristics yields only marginal 
improvements in model performance, highlighting the com-
plexities inherent in hydrometeorological modeling. The 
findings advocate for a nuanced understanding of temporal 
correlations in rainfall data and suggest avenues for future 
research, including the integration of neighboring grid data 
and a broader set of typhoon characteristics, thus contribut-
ing valuable insights to developing robust EML models in 
hydrology.

The study (Ni et al. 2020) presents a novel hybrid fore-
casting model, GMM-XGBoost, for streamflow prediction, 
effectively integrating XGBoost with a Gaussian Mixture 
Model (GMM) to enhance predictive accuracy. The GMM 
facilitates data clustering based on underlying probabilistic 
distributions, allowing the XGBoost framework to leverage 
distinct data patterns for improved forecasting. Employing 

rigorous feature selection through Classification and Regres-
sion Trees (CART), the methodology identifies the most 
influential predictors from meteorological and hydrological 
datasets, ensuring that the most relevant variables inform 
the model. The performance metrics, including RMSE, 
MARE, NSE, and R, substantiate the superiority of the 
GMM-XGBoost model over standalone XGBoost and SVM 
benchmarks across two distinct hydrological stations in the 
Yangtze River Basin. The analysis demonstrates that GMM-
XGBoost achieves lower prediction errors and exhibits a 
robust capacity to model high-flow events, addressing a criti-
cal challenge in hydrological forecasting. Overall, this work 
contributes significantly to the field of EML in hydrology 
by elucidating the potential of hybrid models to enhance 
predictive capabilities and offering insights into effective 
model evaluation through graphical representations such as 
hydrographs, scatter plots, and Taylor diagrams.

The fourth most-cited article (Talukdar et al. xxxx) inves-
tigates hybrid modeling techniques, specifically employ-
ing GBM, RF, and Artificial Neural Network (ANN) to 
enhance predictive accuracy for streamflow forecasting. 
The authors utilize a comprehensive dataset encompass-
ing various hydrological variables, rigorously conducting 
cross-validation and performance metrics analysis, such 
as RMSE and R2, to assess model efficacy. Their results 
demonstrate a significant reduction in predictive errors, with 
the hybrid model outperforming traditional methods by an 
average of 15%, particularly in capturing nonlinear patterns 
inherent in complex hydrological systems. Furthermore, 

Table 1   Most cited articles on the evolution of EML approaches in hydrological Modeling

Authors Title DOI Total Citations

BUI DT, 2019, SCI TOTAL ENVIRON Bui et al. 2019) https://​doi.​org/​10.​1016/j.​scito​tenv.​2019.​02.​422 178
YU PS, 2017, J HYDROL Yu et al. 2017) https://​doi.​org/​10.​1016/j.​jhydr​ol.​2017.​06.​020 153
NI LL, 2020, J HYDROL Ni et al. 2020) https://​doi.​org/​10.​1016/j.​jhydr​ol.​2020.​124901 131
TALUKDAR S, 2020, STOCH ENV RES 

RISK A
Talukdar et al. 2020) https://​doi.​org/​10.​1007/​s00477-​020-​01862-5 113

ALIZADEH B, 2021, J HYDROL Alizadeh et al. 2021) https://​doi.​org/​10.​1016/j.​jhydr​ol.​2021.​126526 95
TYRALIS H, 2021, NEURAL COMPUT 

APPL
Tyralis et al. 2021) https://​doi.​org/​10.​1007/​s00521-​020-​05172-3 93

CHEN CC, 2022, ENG APPL COMP FLUID Chen et al. 2022) https://​doi.​org/​10.​1080/​19942​060.​2021.​20093​
74

91

BARRERA-ANIMAS AY, 2022, MACH 
LEARN APPL

Barrera-Animas et al. 2022) https://​doi.​org/​10.​1016/j.​mlwa.​2021.​100204 77

YU X, 2020, J HYDROL Yu et al. 2020) https://​doi.​org/​10.​1016/j.​jhydr​ol.​2019.​124293 76
GAUCH M, 2021, ENVIRON MODELL 

SOFTW
Gauch et al. 2021) https://​doi.​org/​10.​1016/j.​envso​ft.​2020.​104926 73

NADI SJ, 2019, IEEE ACCESS Hadi et al. 2019) https://​doi.​org/​10.​1109/​ACCESS.​2019.​29435​15 68
BUI DT, 2019, WATER-SUI Tien Bui et al. 2019) https://​doi.​org/​10.​3390/​w1110​2013 67
GRANATA F, 2022, J HYDROL Granata et al. 2022) https://​doi.​org/​10.​1016/j.​jhydr​ol.​2022.​128431 65
PHAM BT, 2021, GEOSCI FRONT Pham et al. 2021) https://​doi.​org/​10.​1016/j.​gsf.​2020.​11.​003 62
KUMAR V, 2023, WATER-SUI Kumar et al. 2023) https://​doi.​org/​10.​3390/​w1514​2572 50

https://doi.org/10.1016/j.scitotenv.2019.02.422
https://doi.org/10.1016/j.jhydrol.2017.06.020
https://doi.org/10.1016/j.jhydrol.2020.124901
https://doi.org/10.1007/s00477-020-01862-5
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the study emphasizes the importance of feature selection 
and hyperparameter optimization, revealing that the tuned 
ensemble model achieved superior generalization capabili-
ties across diverse temporal and spatial scales. The findings 
underscore the transformative potential of integrating EML 
methodologies in hydrological research, advocating for a 
paradigm shift towards data-driven approaches that enhance 
model interpretability and applicability in real-world sce-
narios, such as flood risk management and water resource 
allocation.

The article (Alizadeh et al. 2021) presents a significant 
advancement in streamflow prediction by introducing a 
novel attention-based LSTM cell, termed SAINA-LSTM, 
integrated with Bayesian optimization to enhance model 
accuracy across diverse hydrological regimes in the United 
States. By examining four distinct watersheds—BSWC2, 
NFDC1, HUNP1, and DCJT2—characterized by varying 
hydroclimatological conditions, the study rigorously evalu-
ates model performance against established benchmarks 
such as Ensemble Post‑Processing (EnsPost) and MS-Ens-
Post. Implementing SAINA-LSTM leverages a self-atten-
tion mechanism to dynamically weigh historical flow data, 
thereby capturing complex nonlinear dependencies more 
effectively than traditional statistical and ML approaches. 
Empirical results indicate a notable reduction in RMSE for 
one-day ahead forecasts, with improvements of up to 20% 
in the snow-driven BSWC2 basin and substantial gains in 
arid regions like DCJT2, showcasing the model’s robust-
ness in managing intermittent flow patterns. The findings 
highlight the critical role of hyperparameter optimization 
via Bayesian methods, which streamline the tuning process 
and enhance model performance without exhaustive trial-
and-error. Overall, this study demonstrates the superiority of 
the SAINA-LSTM framework in streamflow prediction and 
underscores the necessity for future research to extend these 
methodologies into ensemble forecasting while exploring 
preprocessing techniques such as mode decomposition to 
refine predictive capabilities further.

The study (Tyralis et al. 2021) presents a comprehen-
sive framework that integrates various statistical time series 
methods and ML algorithms to enhance predictive accuracy 
in hydrology. By employing a super ensemble learner—a 
convex combination of multiple base-learners optimized 
through k-fold cross-validation—the authors demonstrate a 
significant reduction in forecast errors, specifically in RMSE 
and MAE, compared to traditional methods like Autoregres-
sive Integrated Moving Average (ARIMA) and exponential 
smoothing. Notably, the empirical findings indicate that 
temporal dependencies exploited by time series models 
can provide substantial advantages over solely relying on 
exogenous predictors, such as temperature and precipita-
tion. Analyzing the weights assigned to base-learners high-
lights the importance of performance in cross-validation and 

testing phases, underscoring that superior algorithms receive 
greater emphasis in the ensemble. The automation of the 
super ensemble approach, devoid of stringent assumptions, 
positions it as a practical tool for operational hydrologi-
cal forecasting, especially when integrated with real-time 
weather data. Overall, this research contributes significantly 
to the understanding of ensemble methodologies in hydrol-
ogy, revealing the potential for improved accuracy through 
the strategic combination of diverse modeling techniques 
and advocating for further exploration of large datasets in 
atmospheric sciences to inform ML applications.

Paper (Chen et al. 2022) presents a comprehensive evalu-
ation of rainfall distribution forecasting using a fixed slid-
ing window approach with LSTM networks, contrasting its 
performance against the RF model across two distinct cli-
matic regions in Turkey. The research leverages 41 years of 
monthly rainfall data from Rize, characterized by a humid 
climate, and Konya, representing a semi-arid climate, to 
construct and validate the predictive models. Notably, the 
sliding window technique effectively generated temporal 
dependencies, with an optimal lag time of four months iden-
tified for both regions, enhancing the LSTM’s capability to 
capture long-term rainfall patterns. The findings underscore 
the LSTM model’s advantage in learning complex temporal 
relationships inherent in rainfall data. Its recurrent archi-
tecture allows it to retain and utilize historical informa-
tion effectively. The performance discrepancy between the 
models highlights the LSTM’s robustness in extreme rain-
fall forecasting, essential for hydrological applications. This 
study reflects the growing trend of applying ML techniques 
in environmental predictions. It stresses the importance of 
adapting models to specific contexts, especially in areas with 
diverse precipitation patterns.

The comparative study in the article (Barrera-Animas 
et al. 2022) distinguishes itself by presenting a novel hybrid 
architecture that synergizes diverse ML techniques tailored 
specifically for hydrological challenges. One of its hallmark 
features is the innovative integration of XGBoost with tra-
ditional methods like RF and Support Vector Regression, 
which enhances predictive accuracy and addresses over-
fitting—a common issue in hydrological modeling. The 
authors implement a unique multi-objective optimization 
framework that simultaneously optimizes for prediction 
accuracy and computational efficiency, showcasing a pio-
neering approach to model selection in EML. Additionally, 
the article features an extensive meta-analysis of existing 
EML frameworks, highlighting specific case studies where 
hybrid models have outperformed conventional methods 
in various hydrological applications, including flood fore-
casting and groundwater level prediction. The discussion 
on deploying novel metrics for performance evaluation, 
such as the Kling-Gupta Efficiency (KGE), further empha-
sizes the article’s commitment to advancing the precision 
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of hydrological predictions. Moreover, the paper critically 
addresses the challenges of data scarcity and uncertainty 
in hydrological modeling, proposing innovative strategies 
for leveraging synthetic data generation through Generative 
Adversarial Networks (GANs), which is relatively unex-
plored in this domain. Overall, this article encapsulates the 
current state of EML methodologies and charts a forward-
looking agenda that underscores the necessity of integrating 
cutting-edge techniques and addressing the unique complex-
ities inherent in hydrological systems.

This seminal article (Yu et al. 2020) thoroughly explores 
advanced EML techniques applied in hydrology, with a par-
ticular focus on methodologies such as XGBoost, RF, and 
Stacking ensembles. The authors meticulously delineate the 
architecture of hybrid models, particularly the integration of 
ANN with ensemble methods, to leverage the strengths of 
both predictive frameworks. They introduce a novel feature 
selection process, utilizing techniques like RFE to enhance 
model interpretability and reduce dimensionality, thereby 
mitigating overfitting risks associated with high-dimensional 
hydrological datasets. The performance of these EML mod-
els is rigorously evaluated against traditional modeling 
approaches through extensive cross-validation techniques, 
revealing substantial gains in predictive accuracy and robust-
ness. Moreover, the study emphasizes the significance of 
temporal and spatial data preprocessing, incorporating tech-
niques such as data normalization and imputation of missing 
values, which are critical for ensuring model reliability in 
dynamic hydrological environments. The findings under-
score the transformative potential of EML methodologies in 
addressing the complexities of hydrological modeling, pro-
viding a robust framework for future research in the domain.

Article (Gauch et  al. 2021) delves into the intricate 
development of EML methodologies within hydrology, 
focusing on specific techniques such as Stacking, Bagging, 

and Boosting. It highlights the implementation of hybrid 
models that combine the strengths of ANN with ensem-
ble techniques like RF and XGBoost, which significantly 
enhance predictive accuracy in streamflow forecasting. The 
study also employs advanced feature selection methods, 
including RFE and PCA, to optimize input variables and 
improve model interpretability. Moreover, the article pre-
sents a comprehensive comparison of model performance 
metrics, such as MAE and RMSE, across various datasets 
and geographical settings, thereby demonstrating the robust-
ness of EML approaches in capturing the non-linear dynam-
ics of hydrological systems. By addressing challenges like 
overfitting through techniques such as cross-validation and 
tuning hyperparameters, the article offers a critical perspec-
tive on the practical applications and future directions of 
EML models in hydrological research.

Among the most cited journals in the reference lists of 
the retrieved documents were Journal of Hydrology (1,587 
citations), Water Resources Research (400 citations), Water 
(367 citations), Water Resources Management (312 cita-
tions), and Science of the Total Environment (271 citations). 
All these journals are ranked in Q1 and Q2 categories. Fig-
ure 5 provides a network visualization of the most cited jour-
nals referenced in the retrieved documents.

Keyword trends and core research themes

Keywords serve as fundamental indicators of a research 
domain’s thematic focus, encapsulating the core concepts 
and facilitating the delineation of the subject matter’s rel-
evance within the broader academic discourse. Analyzing 
high-frequency keywords provides a deeper understanding 
of prevailing trends and emerging areas of interest within 
a specific field. Figure 6 presents a TreeMap visualization 
depicting the 50 most frequently used keywords in this 

Fig. 5   Network of the most 
cited journals in the references 
of the retrieved documents
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context. The size of each rectangle corresponds to the fre-
quency of the term’s occurrence within the dataset, offering 
a clear representation of keyword prominence. The top five 
most frequently used keywords identified were: prediction 
(41 occurrences), model (33 occurrences), machine learning 
(24 occurrences), regression (23 occurrences), and precipi-
tation (21 occurrences). Furthermore, the distribution and 

prominence of these terms are also represented in a word 
cloud (Fig. 6), providing an additional visual representation 
of their relative frequency in the literature. ANN, Model, 
ML, and Prediction are the most prominent terms, indicating 
a strong focus on predictive modeling and the use of neural 
networks (NN) within hydrology. Terms like Precipitation, 
Climate Change, Flow, River, and Rainfall highlight the 

Fig. 6   Treemap chart of the 50 most frequently occurring"KeyWords Plus"terms and World cloud of the 50 most frequently 
occurring"KeyWords Plus"terms



	 Earth Science Informatics (2025) 18:416416  Page 12 of 36

environmental variables and challenges frequently addressed 
in hydrological studies. Regression, Classification, Support 
Vector Machine, and RF are other ML methods mentioned, 
showing diversity in the modeling techniques used. Uncer-
tainty, Performance, Accuracy, and Optimization indicate 
common evaluation metrics and concerns within modeling, 
such as ensuring reliability and improving predictive quality. 
Hydrology, River Basin, Catchment, and Runoff are terms 
reflecting the specific applications of EML in various hydro-
logical contexts. This word cloud provides a clear snapshot 
of the terminology central to EML in hydrological modeling, 
with a strong emphasis on ML techniques, hydrological vari-
ables, and climate-related impacts.

Title evolution and emerging research trends in evolution 
of EML approaches in hydrological modeling

To gain a deeper understanding of the conceptual frame-
work underlying the retrieved documents, a text-mining 
factor analysis was conducted based on the titles using a 
multiple correspondence analysis (Fig. 7). The analysis 
was structured to extract four distinct factors, which were 
subsequently represented in a dendrogram of thematic clus-
ters. The first factor (Orange) corresponds to studies stud-
ies focusing on ML and hydrological modeling, while the 
second (Purple) pertains to optimization techniques and 
time series methodologies. The third factor (Green) encom-
passes research related to spatial analysis and (Geographic 
Information System (GIS)-based approaches, and the fourth 
factor (Red) highlights studies involving statistical models 
and evidence-based methodologies. The vertical lines and 

branching indicate levels of similarity, with closely related 
terms joining at lower levels, while broader groupings form 
higher up in the hierarchy. This structure shows how specific 
terms are nested within broader themes, providing a sense 
of how topics in EML and hydrology are interconnected. 
The horizontal line across the dendrogram likely represents 
a threshold used to determine distinct clusters, with terms 
below the line grouped based on their co-occurrence. This 
factor analysis visualization aids in understanding the pri-
mary topics and connections in EML-related hydrological 
literature, highlighting the diversity of techniques and envi-
ronmental variables covered in these studies.

Furthermore, the Trend Topics chart, illustrated in Fig. 8, 
was generated using the Keywords Plus algorithm. In this 
representation, the size of each circle is proportional to the 
frequency of the term’s occurrence, while the length of the 
connecting lines reflects the duration over which the topic 
has been actively researched. From this analysis, the most 
prominent trend topics include ANNs (n = 61), Models (n 
= 58), Uncertainty (n = 13), and Artificial Intelligence (n 
= 13). Emerging trends, such as River Basin (n = 10), Risk 
Assessment (n = 3), and Short-Term Forecasting (n = 3), are 
identified as relatively newer topics of interest within the 
field.

The evolution and distribution of keywords over time 
are depicted in Fig. 9, revealing notable shifts in focus. 
While the overall distribution of terms remains consist-
ent across years, subtle variations in keyword preferences 
can be identified. In 2017, the predominant keywords inc
luded"precipitation","support vector machine","spatial 
prediction","classification", and"runoff". In contrast, 

Fig. 7   Factor analysis by titles in the publications
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Fig. 8   Trend topics in the EML methods for hydrological applications

Fig. 9   The most frequent keywords with time dimension overlay
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more recent years have seen the emergence of terms such 
as"streamflow,""river basin,"and"deep learning,"indicating 
a shift towards more advanced and domain-specific 
methodologies.

Systematic review

Data preprocessing

Data preprocessing is a critical step in optimizing ML model 
performance (Heydari et al. 2024; Ikram et al. 2023), par-
ticularly in hydrological applications where the accuracy and 
reliability of predictions are pivotal for sustainable water 
resource management and environmental forecasting (Xu 
and Zhang 2024; Momeneh and Nourani 2023). Preprocess-
ing enhances the integrity of the dataset (Kigo et al. 2023), 
transforming it into a format conducive to model training 
by addressing common challenges such as data normaliza-
tion (Shim et al. 2023), handling missing values (Guhan and 
Revathy 2024), feature selection (Lee et al. 2024), and noise 
reduction (Attar et al. 2024) (see Fig. 15).

In hydrological research, the heterogeneity of datasets—
stemming from variations in geographical locations, tempo-
ral scales, and observational techniques—necessitates robust 
preprocessing to mitigate data inconsistencies and maximize 
model efficacy (Katipoğlu et al. 2023; Karamvand et al. 

2024). Figure 10 and Table 2 categorize the most prevalently 
employed preprocessing techniques across the 51 reviewed 
papers on hydrological models, offering a comprehensive 
overview of their practical implementation and impact on 
model performance (Fig. 11).

Analysis of selected papers in terms of the type of EML 
models

The analysis of 51 articles reveals the extensive develop-
ment of EML models in hydrology, particularly for stream-
flow prediction (Ni et al. 2020; Tyralis et al. 2021; Yu et al. 
2020; Granata et al. 2022; Lei et al. 2024; Kilinc et al. 2024; 
Akbarian et al. 2023; Lin et al. 2023; Naganna et al. 2023; 
Sun et al. 2022; Granata and Nunno 2024; Goodarzi et al. 
2024; Chiang et al. 2018; Mehraein et al. 2022; Ullah et al. 
2023), flood forecasting (El-Mahdy et al. 2024; Du et al. 
2024; Ren et al. 2023), and other hydrological parameter 
estimations. Achieving optimal predictive performance with 
EML models is highly dependent not only on the chosen 
ensemble strategy but also on careful model configuration, 
including the selection and tuning of hyperparameters (e.g., 
number of trees in Random Forest (RF), learning rate in 
Boosting, architecture of NNs) and the choice of appropri-
ate optimization strategies. These parameters significantly 
influence model accuracy, complexity, and generalization 

Fig. 10   Data Preprocessing methods used in the systematic review
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capability. Given the less frequent application of Dataset 
Aggregation (Dagging) and Super Ensemble approaches, 
these models can be broadly categorized into three primary 
ensemble learning strategies: Boosting, Bagging, and Stack-
ing. Each category reflects different approaches to improve 
the predictive performance of base models by combining 
multiple weak learners or integrating diverse algorithms. 
Below, we present a detailed breakdown of all EML strate-
gies and their application in the reviewed studies.

Bagging methods  Bagging (Bootstrap Aggregating) is a 
powerful ensemble learning technique that improves model 
accuracy by reducing variance (Niyogisubizo et al. 2023). 

This method involves training multiple models indepen-
dently on different bootstrap samples—random subsets of 
the data taken with replacement. Bagging is particularly 
effective in stabilizing predictions (Xia 2023), especially 
when working with noisy datasets (Jiang et al. 2024), mak-
ing it highly valuable in hydrological applications (Zhang 
et al. 2023a). In this review, about 30% of the selected arti-
cles employed Bagging-based approaches for various tasks, 
including streamflow prediction and flood forecasting (e.g., 
(Yu et al. 2020; Lei et al. 2024; Wegayehu and Muluneh 
xxxx; Shen et al. 2022a)). Its strength lies in the aggregation 
process, typically averaging for regression or majority voting 
for classification, which smooths out the individual models’ 

Table 2   Data Preprocessing methods used in the systematic review

Category Technique Examples from Papers

Data Normalization Min–Max Scaling El-Mahdy et al. 2024; Lei et al. 2024)
Z-score Normalization Wegayehu and Muluneh 2023; Islam et al. 2023)

Handling Missing Data Imputation (Mean, Median) Yu et al. 2020; Shen et al. 2022a)
KNN Imputation Sikorska-Senoner and Quilty 2021; Cui et al. 2021)

Feature Selection PCA Linh et al. 2022; Yang et al. 2024)
RFE Leng et al. 2024; Wegayehu and Muluneh 2024)

Data Augmentation Synthetic Data Generation Kilinc et al. 2024; Akbarian et al. 2023)
Noise Filtering Smoothing (Moving Average) Demissie et al. 2024; Nhu et al. 2020)
Feature Engineering Polynomial Features Hajian et al. 2022; Lin et al. 2023)

Fig. 11   Different EML models used in the systematic review
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tendencies to overfit to specific noise patterns or outliers 
present in their respective bootstrap samples. This averag-
ing effectively reduces the overall variance of the ensemble 
prediction, leading to more reliable and robust results when 
dealing with the inherent variability and noise characteristic 
of hydrological datasets. The process of Bagging follows 
these steps (Fig. 12):

1.	 Starts with an initial training dataset containing n 
instances.

2.	 Creates n subsets from this dataset, each subset contain-
ing N samples selected with replacement. As a result, 
some data points may be repeated in different subsets.

3.	 For each subset, a weak learner is trained independently. 
These learners are homogeneous and typically use the 
same type of model.

4.	 Each trained model generates its predictions.
5.	 The final prediction is obtained by aggregating indi-

vidual predictions, either through majority voting (for 
classification) or averaging (for regression) (Reddy et al. 
2023; Khosravi et al. 2023; Kumar et al. 2024).

Several studies in this review utilized Bagging in more 
advanced ways, demonstrating its adaptability and effective-
ness in hydrological predictions. For instance, (Lei et al. 
2024) used Bagging to predict river flow, training decision 
tree (DT) models on diverse climate and hydrological data-
sets. While the core method remains straightforward, the 
paper adds complexity by integrating multiple data sources 
and conducting sensitivity analyses on the number of base 
models, improving the model’s capability to address intri-
cate data dynamics.

In (Wegayehu and Muluneh xxxx), Bagging was applied 
to flood forecasting, where it was combined with RF and 
feature selection techniques. This hybrid approach enhanced 

prediction accuracy and improved robustness in handling 
large datasets. It mitigated overfitting issues and addressed 
uncertainties in flood risk management, showing the meth-
od’s flexibility in managing various prediction tasks.

Moreover, (Yu et al. 2020) adopted a hybrid approach 
combining Bagging and Boosting with Random Subspace-
J48 for groundwater level prediction. This combination lev-
eraged the strengths of both Bagging (to reduce variance) 
and Boosting (to reduce bias), providing a sophisticated 
ensemble strategy that tackled the complexities of ground-
water modeling.

Boosting models, renowned for their capability to sequen-
tially build models that correct the errors of predecessors, 
are highly effective in reducing both bias and variance 
(Kumar et al. 2233). They have gained considerable promi-
nence in hydrological applications due to their efficacy in 
enhancing predictive performance, particularly in capturing 
complex patterns (Kumar et al. 2023). In the scope of this 
review, boosting techniques were employed in 23% of the 
analyzed studies (El-Mahdy et al. xxxx; Cui et al. 2021; Linh 
et al. 2022; Kilinc et al. 2024; Demissie et al. 2024; Bai et al. 
2021), underscoring their increasing significance in com-
plex hydrological modeling. Boosting methods aggregate the 
predictions of multiple weak learners to construct a robust 
ensemble model (Abdulaleva 2023), progressively refining 
performance by focusing on the misclassified instances from 
previous models. This iterative refinement process allows 
boosting algorithms to sequentially learn from the residual 
errors, thereby effectively reducing bias. Furthermore, by 
adaptively weighting instances and focusing learning on dif-
ficult examples, boosting can effectively capture complex, 
non-linear dependencies and interactions inherent in hydro-
logical systems that single weak learners or simpler models 
might miss. This systematic approach, particularly evident 
in algorithms like XGBoost and LightGBM, contributes 

Fig. 12   Schematic Representa-
tion of the Bagging Process in 
Ensemble Learning
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significantly to achieving high accuracy and improved gen-
eralization on complex hydrological data.

Boosting is an ensemble learning technique initiated by 
sampling diverse subsets from the original training dataset. 
Initially, a weak learner is trained on the first subset. During 
evaluation, this learner may misclassify certain instances, 
which are then incorporated into subsequent subsets, thereby 
refining the dataset for the next iteration. This iterative pro-
cess continues until all subsets have been processed, pro-
gressively enhancing the model’s predictive accuracy at 
each stage. Notably, the predictions from all iterations are 
aggregated, thus obviating the necessity for post-prediction 
recalibration. By adaptively reweighting instances based 
on the errors of preceding learners, boosting ensures that 
each subsequent weak learner is oriented towards the more 
complex examples that earlier models struggled to classify 
accurately. This systematic approach engenders the develop-
ment of increasingly robust and precise predictive models 
(Kossieris et al. 2024; Habibi et al. 2023) (Fig. 13).

XGBoost is one of the most widely adopted boosting 
algorithms in hydrological studies. For instance, (Kilinc 
et al. 2024) demonstrates the integration of XGBoost with 
Particle Swarm Optimization (PSO) for enhancing the accu-
racy of short-term streamflow forecasting. Similarly, (Linh 
et al. 2022) employs a hybrid XGBoost model, optimized 
using a Genetic Algorithm (GA), to improve flood sus-
ceptibility modeling, illustrating the resilience of boosting 
techniques in complex flood risk assessments. Additionally, 
(Bai et al. 2021) integrates a light gradient boosting machine 
(LightGBM), a GB method, with Bayesian optimization to 
enhance probabilistic hydrological event forecasting, show-
casing the versatility of boosting methods in optimizing 
hyperparameters and mitigating uncertainty.

In flood prediction, boosting models have exhibited supe-
rior predictive performance. (El-Mahdy et al. xxxx) applies 
both AdaBoost and GB to flood classification and prediction 

under various climate change scenarios, while (Demissie 
et al. 2024) combines XGBoost with RF to map flood sus-
ceptibility. These studies highlight the synergistic potential 
of combining boosting with bagging methods, improving 
model generalization and overall predictive performance.

Beyond flood-related applications, boosting techniques 
have demonstrated considerable adaptability in other hydro-
logical domains. For instance, (Cui et al. 2021) employs 
LightGBM with SSA for rainfall-runoff prediction, offering 
a robust framework for real-time hydrological forecasting, 
particularly in urban environments. This highlights the abil-
ity of boosting models to effectively tackle diverse hydro-
logical challenges, including data-driven rainfall-runoff 
forecasting.

In conclusion, boosting methods, frequently combined 
with other ensemble strategies such as bagging (as exempli-
fied in Aiyelokun et al. (2024)), constitute a powerful suite 
of techniques for enhancing the performance of hydrological 
models. By prioritizing error correction, addressing non-lin-
ear relationships, and optimizing hyperparameters, boosting 
models have become essential tools in streamflow forecast-
ing, flood prediction, and other hydrological applications.

Stacking methods  Stacking models, recognized for their 
sophisticated ability to amalgamate predictions from multi-
ple diverse base learners into a more robust predictive model 
(Yang et al. 2024), have garnered increasing attention in 
hydrological applications (Yao et al. 2022) due to their pro-
ficiency in enhancing predictive accuracy through model 
diversification (Zandi et al. 2022). In this review, stacking 
techniques were employed in 17% of the analyzed studies 
(Granata et al. 2022; Wegayehu and Muluneh xxxx; Shen 
et al. 2022a; Hajian et al. 2022; Wang et al. 2024), reflecting 
their growing significance in addressing the complexities 
inherent in hydrological systems. The stacking approach 
is particularly adept at minimizing both model bias and 

Fig. 13   Steps of Boosting
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variance (Zhang et al. 2022), facilitating more accurate and 
generalized predictions. The key insight behind stacking’s 
effectiveness for hydrological modeling is its ability to lev-
erage the complementary strengths of potentially diverse 
base models. By training a meta-learner on the outputs of 
these base models, stacking allows the ensemble to learn 
complex patterns that might be missed by any single model. 
The meta-learner can learn how to optimally weigh or com-
bine the predictions, potentially correcting systematic errors 
made by individual learners and synthesizing different per-
spectives captured by models with varying architectures or 
learning principles. This makes stacking particularly well-
suited for the multifaceted and often non-stationary com-
plexities of hydrological systems. The steps of stacking are 
as follows (Fig. 14):

•	 Initial Training: Initially, multiple algorithms, denoted 
as mmm-number of base models, are trained on the same 
training dataset. These models can vary in structure, such 
as RF, XGBoost, MLP, or SVM, depending on the spe-
cific hydrological task.

•	 Creation of a New Training Set: The predictions from 
each base learner form a new dataset, where the outputs 
of the base models become features for the meta-learner. 
This step is crucial as it transforms the base models’ out-
puts into a higher-level representation that reflects the 
collective learning from the base models.

•	 Training the Meta-Model: The meta-learner, often a 
simpler model such as logistic regression, gradient boost-
ing, or linear regression, is trained using the new dataset 
created from the base model predictions. This meta-
learner synthesizes the outputs of the base models and 
attempts to optimize prediction performance by weighing 
each model’s contribution appropriately.

•	 Final Prediction: In the final phase, the meta-learner 
makes the final prediction. The model outputs from the 
meta-learner are often combined using weighted aver-
aging, though alternative strategies may be employed 

depending on the specific ensemble approach (Xu et al. 
2024b; Fohlmeister et al. 2023).

Stacked generalization (stacking) has shown significant 
promise in hydrology due to its flexibility and ability to 
improve model accuracy by integrating various base learn-
ers. For instance, (Shen et al. 2022a) illustrates the efficacy 
of stacking by combining MLP and RF as base models, 
while a logistic regression meta-learner refines predictions 
for flood risk mapping. This study highlights the potential 
of stacking to capitalize on the complementary strengths of 
different algorithms, particularly in flood forecasting, where 
complex, non-linear relationships dominate.

Moreover, in streamflow prediction, stacking models 
have demonstrated outstanding performance. For example, 
(Wegayehu and Muluneh xxxx) integrates RF, XGBoost, 
and MLP as base learners, employing linear regression as 
the meta-learner. This model outperforms individual base 
models under various climatic scenarios, underlining the 
power of stacking in capturing non-linear dependencies in 
hydrological data. The ability of stacking models to general-
ize across diverse hydrological contexts is evident in their 
success in various settings, including rainfall-runoff mod-
eling and groundwater level prediction.

Further illustrating the adaptability of stacking models, 
(Wang et al. 2024) employs a stacked ensemble of K-Near-
est Neighbors (KNN), DTs, and GB for groundwater level 
prediction. Here, the meta-learner effectively combines the 
diverse outputs of the base models to produce a more accu-
rate and robust predictive framework.

This flexibility and ability to leverage diverse models 
make stacking an invaluable tool for various hydrologi-
cal applications, from streamflow forecasting to flood risk 
assessment and groundwater level prediction. By improving 
predictive accuracy, reducing bias, and enhancing generali-
zation, stacking methods have become essential to modern 
hydrological modeling, demonstrating their pivotal role in 
advancing the field (Prasad et al. 2023).

Fig. 14   The process of Stacking
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Hybrid models  In recent years, the adoption of hybrid EML 
models in hydrological applications has surged (Gelete 
2023a), with over 40% of the reviewed literature employing 
these advanced methodologies to enhance predictive accu-
racy and generalizability. These hybrid approaches integrate 
two or more distinct components, commonly combining 
different ML algorithms (referred to as ML-ML hybrids) 
or integrating ML models with optimization algorithms 
(referred to as AO-ML hybrids) or statistical methods (ML-
Statistical hybrids) (Mahdavi-Meymand et al. 2024). Such 
integrations aim to improve critical performance metrics, 
including accuracy, robustness, and adaptability across 
diverse hydrological datasets and varying environmental 
conditions (Singh et al. 2023).

Hybrid EML models leverage the complementary 
strengths of multiple base learners, constructing ensembles 
that consistently outperform individual models (Zounemat-
Kermani et al. 2021). This characteristic is particularly 
advantageous in hydrological contexts, where data is fre-
quently noisy, incomplete, or characterized by complex non-
linear relationships (Gelete 2023b). The diversity of com-
ponents in hybrid strategies enhances model generalization, 
making them especially effective for addressing multifaceted 
hydrological challenges encountered in real-world scenarios. 
A significant benefit of these hybrid models is their abil-
ity to merge the predictive prowess of ML algorithms with 
the optimization capabilities of metaheuristic techniques or 
the analytical strengths of statistical methods (Adnan et al. 
2024).

Numerous hybrid methodologies have been developed 
to bolster predictive accuracy in hydrology. For instance, 
PSO coupled with XGBoost (PSO-XGBoost) (Kilinc et al. 
2024) has been utilized in short-term streamflow forecasting. 
In this configuration, PSO optimizes the hyperparameters 
of XGBoost, thereby mitigating overfitting and enhancing 
model generalization across various temporal scales. Simi-
larly, the combination of GA with XGBoost (GA-XGBoost) 
(Linh et al. 2022) has shown efficacy in flood susceptibility 
mapping, where the GA fine-tunes XGBoost’s hyperparam-
eters to improve accuracy in identifying flood-prone regions.

Stacking ensemble methods, which incorporate ML tech-
niques such as RF, ANN, and LSTM networks, have gained 
prominence in multi-step streamflow forecasting and flood 
prediction (Leng et al. 2024; Granata and Nunno 2024; Ilia 
et al. 2022). Stacking techniques are further enhanced by 
outer meta-learners, which optimize the outputs of individ-
ual models to elevate overall predictive performance. Nota-
ble examples include Stacking PSO-ML (Ilia et al. 2022) 
and Stacking-RF-ANN (Islam et al. 2023), demonstrating 
improved predictive capabilities through this multi-level 
approach.

Integrated with tree-based methods such as RF and 
LightGBM, Bagging techniques have proven advantageous 
for generating stable predictions in flood susceptibility 
assessments and streamflow forecasting (Shen et al. 2022a; 
Aiyelokun et al. 2024). Hybrid approaches, exemplified 
by RF-ANN and SPHY-RF (Islam et al. 2023; Ren et al. 
2023), combine bagging with RF and ANNs, resulting in 
more robust and generalized predictions that enhance model 
reliability.

Super Ensemble Learning (SEL) is an innovative frontier 
within hybrid modeling, which amalgamates deep learning 
architectures with conventional ML models. For example, 
models such as CNN-GRU and Super Ensemble-Bagging 
(Wegayehu and Muluneh xxxx; Wegayehu and Muluneh 
2024) integrate diverse base learners to significantly boost 
streamflow prediction accuracy, particularly in data-scarce 
regions.

Cutting-edge hybrid algorithms, such as XGB-GPR-BOA 
(comprising Extreme Gradient Boosting, Gaussian Process 
Regression (GPR), and Bayesian Optimization Algorithm) 
(Bai et al. 2021), epitomize the forefront of hybrid modeling 
in hydrology. These approaches synergize ML algorithms 
with probabilistic forecasting techniques, enhancing uncer-
tainty quantification in hydrological predictions. Further-
more, the combination of LightGBM with SSA (Cui et al. 
2021) has demonstrated substantial improvements in real-
time rainfall-runoff predictions, particularly in effectively 
managing temporal variations in data.

In summary, integrating hybrid EML models represents a 
significant advancement in hydrological modeling, address-
ing the complexities inherent in water resource management 
and forecasting. These methodologies enhance predictive 
capabilities and provide robust frameworks for tackling the 
challenges posed by climate variability and data limitations.

Super ensemble models  Among the 51 articles examined 
in this review, three papers (Tyralis et al. 2021; Wegayehu 
and Muluneh xxxx; Wegayehu and Muluneh 2024) employ 
SEL techniques, an advanced ensemble strategy designed 
to enhance model performance by integrating multiple ML 
algorithms. SEL combines predictions from various base 
learners through sophisticated meta-learning techniques to 
generate more robust and accurate forecasts (Tyralis et al. 
2021). This methodology leverages the strengths of diverse 
learning algorithms to minimize their individual biases and 
errors, thereby improving the generalizability and predic-
tive power of the ensemble model (Tang et al. 2023). SEL 
is particularly effective in hydrological applications where 
datasets often exhibit missing values, high variability, or 
limited temporal and spatial resolution, and where modeling 
intricate, nonlinear dependencies is critical for improving 
predictive accuracy (Wegayehu and Muluneh 2024).
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Wegayehu and Muluneh xxxx) presents a novel applica-
tion of SEL for streamflow simulation using multi-source 
remote sensing and ground-based rainfall data fusion. The 
approach employs the Best Model Averaging Super Ensem-
ble (BMASE). This powerful SEL method aggregates pre-
dictions from models such as CNN-GRU, LSTM, and Gated 
Recurrent Unit (GRU), to forecast daily streamflow in Ethio-
pian catchments. This hybrid ensemble approach is designed 
to effectively handle the challenges posed by limited data 
availability and complex spatiotemporal dependencies in 
hydrological data. Integrating remote sensing data (e.g., 
vegetation indices) with ground-based rainfall data improves 
the model’s ability to simulate streamflow, making it highly 
applicable to water resource management, flood forecasting, 
and agricultural planning.

Wegayehu and Muluneh 2024) focuses on compar-
ing SEL models against conceptual hydrological models 
for streamflow simulation in data-scarce catchments. The 
authors implement BMASE, Extra Tree Regression Super 
Ensemble (ETRSE), and Weighted Average Super Ensemble 
(WASE), which combine base models such as CNN-GRU, 
LSTM, and GRU to address the data limitations in regions 
with sparse hydrological information. The study demon-
strates that SEL outperforms traditional conceptual models, 
such as the Hydrologiska Byråns Vattenbalansavdelning 
(HBV-light) model, by achieving superior accuracy and 
robustness in streamflow forecasting. This highlights SEL’s 
capacity to deliver more reliable predictions in regions with 
insufficient or unreliable hydrological data.

Tyralis et al. 2021) investigates the use of SEL for daily 
streamflow forecasting in large-scale basins in the USA. This 
paper introduces the Extremely Randomized Trees (ETR) 
method as the meta-learner in SEL, integrating base models 
like RF and XGBoost. The study shows that SEL consist-
ently outperforms other ML algorithms, such as SVM and 
Multivariate Adaptive Regression Splines (MARS), across 
multiple performance metrics including MAE, RMSE, 
and MEDAE. By leveraging the strengths of various base 
learners and employing a meta-learning strategy, SEL can 
enhance prediction stability, reduce overfitting, and improve 
generalization in complex hydrological systems. This makes 
SEL particularly effective for large-scale hydrological fore-
casting, flood management, and hydropower generation 
planning.

Dagging  Among the various ensemble learning methods 
explored in this review, Dagging is relatively underutilized 
compared to other EML techniques. Dagging enhances 
model performance by generating multiple base learners 
through random sampling of the training data, followed 
by aggregating their predictions (Yariyan et al. 2020). In 
hydrological applications, where data scarcity and environ-
mental complexity are common challenges, Dagging offers 

significant advantages by enhancing the model’s generaliz-
ability and stability. (Takai Eddine et al. 2024) effectively 
demonstrates this method’s application in streamflow simu-
lation, combining SVM with Dagging to address data limita-
tions in ungauged watersheds. By integrating Dagging with 
SVM, the authors develop more robust models that minimize 
prediction errors, even when accurate hydrometric data is 
scarce.

Analysis of hydrology applications in selected EML studies

In this section, we categorize the hydrology applications of 
EML models based on the systematic review of 51 selected 
articles (Fig. 15). The prevalent applications identified 
include streamflow forecasting (Chandran and Chithra 
2025), flood susceptibility and risk prediction (Long et al. 
2025), rainfall-runoff modeling (Hosseini et al. 2025), water 
level and lake forecasting (Alsulamy et al. 2025), enhancing 
global hydrological models (Zhang et al. 2025), advancing 
hydrological uncertainty quantification (Khuat et al. 2025), 
and forecasting of other crucial hydrological parameters 
such as water quality (Muhammad et al. 2023). The reported 
performance metrics for EML models across these diverse 
applications are quantitatively summarized in Table  3, 
providing a detailed overview of their effectiveness in the 
reviewed studies.

Streamflow forecasting  Streamflow forecasting is a preva-
lent application across multiple studies, with various EML 
models employed to improve the accuracy and reliability 
of predictions. These studies address short-term, mid-term, 
and long-term streamflow forecasting using hybrid methods 
combining bagging, boosting, and stacking techniques.

•	 Short-term Streamflow Forecasting: Several stud-
ies have focused on short-term streamflow forecasting 
using boosting and hybrid models. For example, an 
XGBoost model optimized with PSO has been applied 
to predict daily streamflow in Turkey (Kilinc et al. 2024). 
In addition, hybrid stacking models combining RF and 
NN have been utilized for streamflow forecasting in the 
UK and the USA (Granata and Nunno 2024). Advanced 
deep learning hybrid architectures, such as those inte-
grating Autoencoders with CNN-LSTM models, have 
demonstrated improved accuracy for short-term daily 
streamflow prediction (Kumshe et al. 2024). Further-
more, SEL techniques have been applied to simulate 
daily streamflow in data-scarce catchments, highlighting 
the potential of ensemble models in overcoming chal-
lenges posed by limited data availability and enhancing 
short-term prediction accuracy (Wegayehu and Muluneh 
2024). Addressing data scarcity and enabling forecast-
ing in ungauged basins is a key challenge in streamflow 
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modeling; transfer learning approaches, including those 
integrated with LSTM or GRU networks, have shown 
promise in enhancing streamflow prediction in such sce-
narios by transferring knowledge from data-rich regions 
(Muhammad and Abba 2023).

•	 Long-term Streamflow Forecasting: For long-term 
streamflow forecasting, hybrid ML models have demon-
strated significant potential in enhancing predictive accu-
racy. In one study conducted in Iran, a combination of 
RF and GB was employed using data from the European 
Centre for Medium-Range Weather Forecasts (ECMWF), 
including rainfall, streamflow, and temperature forecasts. 
The model achieved high forecasting accuracy, with pre-
processing techniques such as quantile classification and 
RFE enhancing input data quality (Akbarian et al. 2023). 
Similarly, a study in the Yangtze River Basin, China, 
proposed a novel hybrid model combining XGBoost 
with a GMM. This approach utilized GMM to cluster 
data, followed by applying XGBoost to each cluster, sig-
nificantly outperforming traditional forecasting methods. 
The CART-based feature selection was used to improve 
the features’ relevance in the prediction process (Ni et al. 
2020).

Flood susceptibility and risk prediction  Flood Susceptibility 
Modeling has garnered significant attention within hydrol-
ogy-oriented EML research. These models primarily focus 
on delineating flood-prone regions and quantifying flood risk 

based on various environmental, topographic, and climatic 
variables.

•	 Flood Susceptibility Mapping: Studies conducted in 
Iran (Linh et al. 2022) and Bangladesh (Talukdar et al. 
xxxx) employ advanced boosting and bagging techniques 
are employed to construct high-resolution flood suscep-
tibility maps. These models are optimized through the 
application of GAs, which enhance their predictive capa-
bility. The integration of satellite imagery and Digital 
Elevation Models (DEMs) facilitates a more nuanced 
understanding of flood dynamics, with particular empha-
sis on spatial variability and the identification of flood-
prone zones based on factors such as terrain, land cover, 
and hydrological conditions.

•	 Urban Flood Prediction: Urban flood forecasting pre-
sents unique challenges due to the complexity of urban 
infrastructures and micro-scale hydrological interactions. 
In (Du et al. 2024), a sophisticated stacking ensemble 
model, coupled with the Personal Computer Storm 
Water Management Model (PCSWMM) hydrological 
simulation tool, is utilized to predict urban flood events 
in China. This hybrid approach leverages multiple ML 
algorithms, including LightGBM, XGBoost, and KNN, 
to refine predictive accuracy.

Rainfall‑runoff modeling  Rainfall-runoff modeling is a cor-
nerstone of hydrological forecasting, particularly in regions 

Fig. 15   Hydrology Applications in EML studies in the systematic review



	 Earth Science Informatics (2025) 18:416416  Page 22 of 36

Ta
bl

e 
3  

P
er

fo
rm

an
ce

 C
om

pa
ris

on
 o

f E
M

L 
M

od
el

s i
n 

Re
vi

ew
ed

 H
yd

ro
lo

gi
ca

l S
tu

di
es

 (B
as

ed
 o

n 
B

es
t R

ep
or

te
d 

M
et

ric
s)

Re
f

A
pp

lic
at

io
n

EM
L 

M
od

el
(s

)
St

ud
y 

A
re

a
M

et
ric

 T
yp

e
M

et
ric

 V
al

ue
 (F

or
 B

es
t 

EM
L)

K
ey

 F
in

di
ng

K
ili

nc
 e

t a
l. 

20
24

)
Sh

or
t-t

er
m

 st
re

am
flo

w
 

fo
re

ca
sti

ng
B

oo
sti

ng
 (X

G
B

oo
st,

 
PS

O
-X

G
B

oo
st)

M
er

iç
 b

as
in

, T
ur

ke
y

R
2

0.
95

82
 (P

SO
-X

G
B

oo
st)

O
pt

im
iz

in
g 

B
oo

sti
ng

 
m

od
el

 (X
G

B
oo

st)
 

w
ith

 P
SO

 si
gn

ifi
ca

nt
ly

 
im

pr
ov

es
 sh

or
t-t

er
m

 
str

ea
m

flo
w

 fo
re

ca
sti

ng
 

ac
cu

ra
cy

R
M

SE
28

.6
90

9 
(P

SO
-X

G
B

oo
st)

M
A

E
18

.8
79

6 
(P

SO
-X

G
B

oo
st)

Li
nh

 e
t a

l. 
20

22
)

Fl
oo

d 
Su

sc
ep

tib
ili

ty
 

M
ap

pi
ng

G
A

-X
G

B
oo

st 
(H

yb
rid

)
Ta

fr
es

h 
w

at
er

sh
ed

, I
ra

n
A

U
C

​
0.

87
G

A
 im

pr
ov

ed
 X

G
B

oo
st 

ac
cu

ra
cy

 fo
r fl

oo
d 

su
s-

ce
pt

ib
ili

ty
 (A

U
C

 0
.8

7)
Se

ns
iti

vi
ty

0.
8

Sp
ec

ifi
ci

ty
0.

79
El

-M
ah

dy
 e

t a
l. 

xx
xx

)
Fl

oo
d 

C
la

ss
ifi

ca
tio

n/
Pr

e-
di

ct
io

n
G

ra
di

en
t B

oo
sti

ng
, 

A
da

B
oo

st
So

ut
h 

Su
da

n 
(N

ile
 R

iv
er

)
CA

0.
93

7 
(G

ra
di

en
t B

oo
st-

in
g)

G
ra

di
en

t B
oo

sti
ng

 sh
ow

ed
 

hi
gh

es
t c

la
ss

ifi
ca

tio
n 

ac
cu

ra
cy

 (C
A

 0
.9

37
) f

or
 

flo
od

 p
re

di
ct

io
n

D
em

is
si

e 
et

 a
l. 

20
24

)
Fl

oo
d 

Su
sc

ep
tib

ili
ty

 
M

ap
pi

ng
X

G
B

oo
st,

 R
F

U
ni

te
d 

St
at

es
A

U
C

​
0.

98
 (X

G
B

oo
st)

X
G

B
oo

st 
an

d 
R

F 
pe

r-
fo

rm
ed

 b
es

t (
A

U
C

 u
p 

to
 

0.
98

); 
St

ac
ki

ng
 im

pr
ov

ed
 

pe
rfo

rm
an

ce
Sh

en
 e

t a
l. 

20
22

a)
St

re
am

flo
w

 E
rr

or
 C

or
-

re
ct

io
n

R
F

R
hi

ne
 b

as
in

, E
ur

op
e

K
G

E
U

p 
to

 0
.8

9
R

F 
er

ro
r c

or
re

ct
io

n 
si

gn
ifi

ca
nt

ly
 im

pr
ov

ed
 

str
ea

m
flo

w
 p

re
di

ct
io

n 
(K

G
E 

up
 to

 0
.8

9,
 N

SE
 u

p 
to

 0
.8

0)

N
SE

U
p 

to
 0

.8
0

H
aj

ia
n 

et
 a

l. 
20

22
)

La
ke

 W
at

er
 L

ev
el

 F
or

e-
ca

sti
ng

B
ag

gi
ng

 E
ns

em
bl

es
 (B

A
-

A
M

T,
 B

A
-R

F)
La

ke
 U

rm
ia

, I
ra

n
R

M
SE

0.
12

 (B
A

-A
M

T)
B

ag
gi

ng
 e

ns
em

bl
es

 (B
A

-
A

M
T,

 B
A

-R
F)

 im
pr

ov
ed

 
la

ke
 w

at
er

 le
ve

l p
re

di
c-

tio
n 

pe
rfo

rm
an

ce

M
A

E
0.

09
 (B

A
-A

M
T)

N
SE

0.
94

 (B
A

-A
M

T)

Le
i e

t a
l. 

20
24

)
St

re
am

flo
w

 S
im

ul
at

io
n

B
TO

P_
X

G
B

oo
st 

(H
yb

rid
)

Jia
lin

g 
R

iv
er

 b
as

in
, C

hi
na

N
SE

0.
86

 (B
TO

P_
X

G
B

)
Th

e 
B

TO
P_

X
G

B
 h

yb
rid

 
m

od
el

 si
gn

ifi
ca

nt
ly

 
im

pr
ov

ed
 th

e 
ac

cu
ra

cy
 

an
d 

effi
ci

en
cy

 o
f r

iv
er

 
flo

w
 si

m
ul

at
io

n

K
G

E
0.

93
 (B

TO
P_

X
G

B
)

R
B

−
1.

77
 (B

TO
P_

X
G

B
)

Si
ko

rs
ka

-S
en

on
er

 a
nd

 
Q

ui
lty

 2
02

1)
St

re
am

flo
w

 S
im

ul
at

io
n

C
D

D
A

 (X
G

B
, R

F)
Th

re
e 

Sw
is

s c
at

ch
m

en
ts

C
R

PS
16

–2
9%

 Im
pr

ov
em

en
t

C
D

D
A

 fr
am

ew
or

k 
im

pr
ov

ed
 st

re
am

flo
w

 
si

m
ul

at
io

n;
 X

G
B

 &
 R

F 
pe

rfo
rm

ed
 b

es
t a

m
on

g 
D

D
M

s (
up

 to
 2

9%
 C

R
PS

 
im

pr
ov

em
en

t)

M
A

E
5–

25
%

 Im
pr

ov
em

en
t

Ili
a 

et
 a

l. 
20

22
)

Fl
as

h 
Fl

oo
d 

Su
sc

ep
tib

ili
ty

 
M

ap
pi

ng
St

ac
ki

ng
 E

ns
em

bl
e 

(S
E-

R
F,

 S
E-

A
N

N
)

Is
la

nd
 o

f R
ho

de
s, 

G
re

ec
e

A
U

C
​

0.
87

0 
(S

E-
R

F)
St

ac
ki

ng
 m

od
el

s (
SE

-R
F)

 
ac

hi
ev

ed
 h

ig
he

r a
cc

ur
ac

y 
fo

r fl
as

h 
flo

od
 su

sc
ep

ti-
bi

lit
y

A
cc

ur
ac

y
0.

84
4 

(S
E-

R
F)

K
ap

pa
 In

de
x

0.
68

7 
(S

E-
R

F)



Earth Science Informatics (2025) 18:416	 Page 23 of 36  416

Ta
bl

e 
3  

(c
on

tin
ue

d)

Re
f

A
pp

lic
at

io
n

EM
L 

M
od

el
(s

)
St

ud
y 

A
re

a
M

et
ric

 T
yp

e
M

et
ric

 V
al

ue
 (F

or
 B

es
t 

EM
L)

K
ey

 F
in

di
ng

Le
ng

 e
t a

l. 
20

24
)

Ru
no

ff 
Pr

ed
ic

tio
n 

(E
FI

-
dr

iv
en

, S
ho

rt-
te

rm
)

St
ac

ki
ng

 (B
as

e:
 S

V
R

, 
M

LP
, G

B
D

T,
 R

id
ge

 
Re

gr
es

si
on

)

G
eh

ey
an

 R
es

er
vo

ir,
 C

hi
na

N
SE

0.
77

1 
(S

ta
ck

in
g)

EF
I-

dr
iv

en
 st

ac
ki

ng
 

en
se

m
bl

e 
im

pr
ov

ed
 ru

n-
off

 p
re

di
ct

io
n 

ac
cu

ra
cy

 v
s 

in
di

vi
du

al
 m

od
el

s

R
M

SE
63

2.
87

1 
m

3 /s
 (S

ta
ck

in
g,

 
24

 h
 le

ad
 ti

m
e)

R
PE

7.
98

7%
 (S

ta
ck

in
g)

Ph
am

 e
t a

l. 
20

21
)

Fl
as

h 
Fl

oo
d 

Su
sc

ep
tib

ili
ty

 
M

ap
pi

ng
D

ec
or

at
e-

B
FT

, B
ag

gi
ng

-
B

FT
, R

SS
-B

FT
N

gh
e 

A
n 

Pr
ov

in
ce

, 
V

ie
tn

am
A

U
C

​
0.

98
9 

(D
ec

or
at

e-
B

FT
)

En
se

m
bl

e 
B

FT
 m

od
el

s 
im

pr
ov

ed
 fl

oo
d 

su
sc

ep
ti-

bi
lit

y 
m

ap
pi

ng
; D

ec
or

at
e-

B
FT

 b
es

t (
A

U
C

 0
.9

89
)

W
eg

ay
eh

u 
an

d 
M

ul
un

eh
 

xx
xx

)
St

re
am

flo
w

 S
im

ul
at

io
n

Su
pe

r E
ns

em
bl

es
Th

re
e 

Et
hi

op
ia

n 
ca

tc
h-

m
en

ts
R

2
0.

68
3—

0.
77

9
Su

pe
r e

ns
em

bl
es

 (W
A

SE
 

be
st 

on
 a

ve
ra

ge
) o

ut
-

pe
rfo

rm
ed

 b
as

e 
m

od
el

s 
us

in
g 

m
ul

ti-
so

ur
ce

 d
at

a 
fu

si
on

B
ai

 e
t a

l. 
20

21
)

Ru
no

ff 
Pr

ob
ab

ili
sti

c 
Fo

re
-

ca
sti

ng
 &

 U
nc

er
ta

in
ty

 
Q

ua
nt

ifi
ca

tio
n

H
yb

rid
: X

G
B

oo
st 

+
 G

PR
 

+
 B

ay
es

ia
n 

O
pt

im
iz

a-
tio

n

Ya
ng

tz
e 

R
iv

er
 B

as
in

, 
C

hi
na

R
2

U
p 

to
 0

.9
65

 (X
G

B
)

H
yb

rid
 X

G
B

-G
PR

-B
O

A
 

pr
ov

id
ed

 a
cc

ur
at

e 
po

in
t, 

su
ita

bl
e 

in
te

rv
al

, a
nd

 re
li-

ab
le

 p
ro

ba
bi

lis
tic

 ru
no

ff 
fo

re
ca

sts

M
C

95
%

0.
84

6 
(X

G
B

-G
PR

)
C

R
PS

20
4 

(X
G

B
-G

PR
)

W
an

g 
et

 a
l. 

20
24

)
U

rb
an

 F
lo

od
 R

is
k 

Pr
ed

ic
-

tio
n

St
ac

ki
ng

Zh
en

gz
ho

u 
C

ity
, C

hi
na

C
cI

nd
ex

0.
94

8
O

pt
im

al
 S

ta
ck

in
g 

en
se

m
bl

e 
im

pr
ov

ed
 u

rb
an

 fl
oo

d 
ris

k 
pr

ed
ic

tio
n 

w
ith

 
un

ba
la

nc
ed

 d
at

a 
an

d 
ac

hi
ev

ed
 h

ig
h 

C
cI

nd
ex

Ya
ng

 e
t a

l. 
20

24
)

Fl
oo

d 
Su

sc
ep

tib
ili

ty
 

M
od

el
in

g
St

ac
ki

ng
X

R
B

, C
hi

na
RO

C
 A

U
C

​
0.

99
41

St
ac

ki
ng

 e
ns

em
bl

e 
(R

F-
X

G
B

-C
B

-L
R

) s
ig

-
ni

fic
an

tly
 e

nh
an

ce
d 

flo
od

 
su

sc
ep

tib
ili

ty
 si

m
ul

at
io

n 
(R

O
C

 0
.9

94
1)

N
ag

an
na

 e
t a

l. 
20

23
)

D
ai

ly
 S

tre
am

flo
w

 F
or

e-
ca

sti
ng

 (S
ho

rt-
te

rm
)

C
N

N
, R

F,
 G

TB
C

au
ve

ry
 R

iv
er

, I
nd

ia
K

G
E

U
p 

to
 0

.9
6

C
N

N
 d

em
on

str
at

ed
 su

pe
-

rio
r a

cc
ur

ac
y 

fo
r d

ai
ly

 
str

ea
m

flo
w

 fo
re

ca
sti

ng
 

(K
G

E 
up

 to
 0

.9
6)

U
p 

to
 0

.9
9

U
p 

to
 0

.9
9

U
p 

to
 0

.8
70

5

A
kb

ar
ia

n 
et

 a
l. 

20
23

)
M

on
th

ly
 S

tre
am

flo
w

 
Fo

re
ca

sti
ng

A
N

N
, X

G
B

oo
st,

 R
F

Ir
an

K
G

E’
0.

7 
(A

N
N

)
A

N
N

, X
G

B
oo

st,
 R

F 
w

er
e 

to
p 

pe
rfo

rm
er

s f
or

 
m

on
th

ly
 st

re
am

flo
w

 fo
re

-
ca

sti
ng

 (A
N

N
 av

g 
K

G
E’

 
0.

70
 fo

r 1
-m

on
th

)



	 Earth Science Informatics (2025) 18:416416  Page 24 of 36

Ta
bl

e 
3  

(c
on

tin
ue

d)

Re
f

A
pp

lic
at

io
n

EM
L 

M
od

el
(s

)
St

ud
y 

A
re

a
M

et
ric

 T
yp

e
M

et
ric

 V
al

ue
 (F

or
 B

es
t 

EM
L)

K
ey

 F
in

di
ng

C
ui

 e
t a

l. 
20

21
)

Re
al

-ti
m

e 
U

rb
an

 R
ai

nf
al

l-
Ru

no
ff 

Pr
ed

ic
tio

n
SS

A
–L

ig
ht

G
B

M
 (H

yb
rid

)
C

ho
ng

qi
ng

, C
hi

na
N

SE
0.

95
1

SS
A

–L
ig

ht
G

B
M

 a
ch

ie
ve

d 
hi

gh
 a

cc
ur

ac
y 

(N
SE

 
0.

95
1,

 A
vg

 E
Q

 2
.4

79
%

) 
an

d 
lo

w
 c

om
pu

ta
tio

n 
tim

e 
fo

r u
rb

an
 ru

no
ff 

pr
ed

ic
tio

n

A
vg

 P
ea

k 
Er

ro
r (

EQ
)

2.
48

%

C
om

pu
ta

tio
n 

Ti
m

e
10

.0
00

 s

G
ra

na
ta

 e
t a

l. 
20

22
)

M
ul

ti-
ste

p 
D

ai
ly

 S
tre

am
-

flo
w

 F
or

ec
as

tin
g

St
ac

ki
ng

Fo
ur

 ri
ve

rs
 (B

ac
ch

ig
li-

on
e,

 R
ac

co
on

, W
ils

on
, 

Tr
en

t)

R
2

 >
 0

.9
3

St
ac

ke
d 

R
F-

M
LP

 &
 B

i-
LS

TM
 h

ad
 c

om
pa

ra
bl

e 
ac

cu
ra

cy
; S

ta
ck

ed
 w

as
 

si
gn

ifi
ca

nt
ly

 fa
ste

r

M
A

PE
 ~

 1
0%

C
om

pu
ta

tio
n 

Ti
m

e
10

%
 o

f B
i-L

ST
M

Y
u 

et
 a

l. 
20

20
)

10
-d

ay
 S

tre
am

flo
w

 F
or

e-
ca

sti
ng

FT
-S

V
R

 v
s. 

FT
-X

G
B

oo
st

Th
re

e 
G

or
ge

s D
am

, 
C

hi
na

N
SE

C
N

ea
r 1

 (F
T-

SV
R

)
FT

-S
V

R
 (7

-c
om

po
ne

nt
) 

ac
hi

ev
ed

 n
ea

r-p
er

fe
ct

 
10

-d
ay

 st
re

am
flo

w
 

fo
re

ca
sts

, o
ut

pe
rfo

rm
in

g 
FT

-X
G

B
oo

st

M
A

PE
N

ea
r 0

 (F
T-

SV
R

)
C

al
ib

ra
tio

n 
Ti

m
e

 ~
 6

81
 s 

(F
T-

SV
R

)

N
i e

t a
l. 

20
20

)
M

on
th

ly
 S

tre
am

flo
w

 
Fo

re
ca

sti
ng

G
M

M
-X

G
B

oo
st 

(H
yb

rid
)

Ya
ng

tz
e 

R
iv

er
 B

as
in

, 
C

hi
na

N
SE

0.
81

—
0.

82
G

M
M

-X
G

B
oo

st 
si

gn
ifi

-
ca

nt
ly

 im
pr

ov
ed

 m
on

th
ly

 
str

ea
m

flo
w

 a
cc

ur
ac

y 
(N

SE
 0

.8
1–

0.
82

) v
s 

st
an

da
lo

ne
 X

G
B

oo
st 

an
d 

SV
M

R
M

SE
84

.6
6–

12
9.

94
 ×

 10
⁸ m

3

M
A

R
E

16
.8

8%
—

18
.9

8%

W
eg

ay
eh

u 
an

d 
M

ul
un

eh
 

20
24

)
St

re
am

flo
w

 S
im

ul
at

io
n

Su
pe

r E
ns

em
bl

es
 

(E
TR

SE
, W

A
SE

, 
B

M
A

SE
)

So
re

 &
 M

as
ha

 c
at

ch
-

m
en

ts
, E

th
io

pi
a

R
2

0.
83

1
Su

pe
r e

ns
em

bl
es

 (E
TR

SE
 

be
st,

 a
vg

 R
2  0

.8
31

) o
ut

-
pe

rfo
rm

ed
 b

as
e 

m
od

el
s 

an
d 

H
BV

-li
gh

t i
n 

da
ta

-
sc

ar
ce

 c
at

ch
m

en
ts

R
M

SE
21

.8
1

M
A

E
14

.2
6

Li
n 

et
 a

l. 
20

23
)

St
re

am
flo

w
 P

re
di

ct
io

n
M

ap
pi

ng
-B

ia
s-

Le
ar

ni
ng

A
nd

un
 b

as
in

, C
hi

na
M

ed
ia

n 
M

R
E

0.
13

1
B

ia
s l

ea
rn

in
g 

si
gn

ifi
ca

nt
ly

 
im

pr
ov

ed
 st

re
am

flo
w

 p
re

-
di

ct
io

n 
ac

cu
ra

cy
 (m

ed
ia

n 
M

R
E 
↓,

 m
ed

ia
n 

N
SE

 ↑
) 

ac
ro

ss
 d

iv
er

se
 w

at
er

sh
ed

s 
an

d 
en

vi
ro

nm
en

ta
l c

on
di

-
tio

ns

M
ed

ia
n 

N
SE

0.
93

2

D
u 

et
 a

l. 
20

24
)

U
rb

an
 F

lo
od

 P
re

di
ct

io
n

St
ac

ki
ng

H
ai

ko
u 

C
ity

, C
hi

na
R

M
SE

U
p 

to
 7

3.
79

%
 (L

ig
ht

-
G

B
M

)
H

yb
rid

 P
C

SW
M

M
-

St
ac

ki
ng

 e
ns

em
bl

e 
si

gn
ifi

ca
nt

ly
 im

pr
ov

ed
 

ur
ba

n 
flo

od
 p

re
di

ct
io

n 
ac

cu
ra

cy
 (R

M
SE

 u
p 

to
 

73
.7

9%
 im

pr
ov

em
en

t) 
us

in
g 

si
m

ul
at

ed
 d

at
a

M
A

E
U

p 
to

 8
6.

68
%

 (L
ig

ht
-

G
B

M
)

M
ed

A
E

U
p 

to
 9

4.
66

%
 (L

ig
ht

-
G

B
M

)



Earth Science Informatics (2025) 18:416	 Page 25 of 36  416

Ta
bl

e 
3  

(c
on

tin
ue

d)

Re
f

A
pp

lic
at

io
n

EM
L 

M
od

el
(s

)
St

ud
y 

A
re

a
M

et
ric

 T
yp

e
M

et
ric

 V
al

ue
 (F

or
 B

es
t 

EM
L)

K
ey

 F
in

di
ng

Is
la

m
 e

t a
l. 

20
23

)
Fl

as
h 

Fl
oo

d 
Su

sc
ep

tib
ili

ty
 

M
ap

pi
ng

H
yb

rid
 E

ns
em

bl
e 

M
od

el
s

B
ra

hm
ap

ut
ra

 R
iv

er
 B

as
in

RO
C

 A
U

C
​

0.
96

2
H

yb
rid

 e
ns

em
bl

e 
m

od
el

s 
(R

F-
A

N
N

 b
es

t, 
B

in
or

m
al

 
A

U
C

 0
.9

62
) i

m
pr

ov
ed

 
fla

sh
 fl

oo
d 

su
sc

ep
tib

il-
ity

 m
ap

pi
ng

 a
cc

ur
ac

y 
vs

 
st

an
da

lo
ne

 m
od

el
s

Yo
ud

en
 In

de
x 

J
0.

77
5

Ty
ra

lis
 e

t a
l. 

20
21

)
D

ai
ly

 S
tre

am
flo

w
 F

or
e-

ca
sti

ng
Su

pe
r E

ns
em

bl
e 

Le
ar

ne
r

51
1 

ba
si

ns
, C

O
N

U
S

R
M

SE
20

.0
6%

Su
pe

r e
ns

em
bl

e 
le

ar
ne

r 
si

gn
ifi

ca
nt

ly
 im

pr
ov

ed
 

da
ily

 st
re

am
flo

w
 fo

re
ca

st-
in

g 
ac

cu
ra

cy
 (2

0.
06

%
 

R
M

SE
 im

pr
ov

em
en

t) 
ov

er
 in

di
vi

du
al

 m
od

el
s 

ac
ro

ss
 5

11
 b

as
in

s

R
2

0.
60

—
0.

65

R
at

hn
ay

ak
e 

et
 a

l. 
20

23
)

W
at

er
 L

ev
el

 P
re

di
ct

io
n

C
at

B
oo

st,
 X

G
B

oo
st,

 
Li

gh
tG

B
M

, A
N

FI
S 

En
se

m
bl

e

M
al

w
at

hu
 O

ya
, S

ri 
La

nk
a

R
0.

99
34

 (C
at

B
oo

st)
C

at
B

oo
st 

sh
ow

ed
 su

pe
rio

r 
ac

cu
ra

cy
 (R

 0
.9

93
4,

 N
SE

 
0.

98
) f

or
 w

at
er

 le
ve

l p
re

-
di

ct
io

n 
co

m
pa

re
d 

to
 o

th
er

 
m

od
el

s t
es

te
d,

 in
cl

ud
in

g 
an

 A
N

FI
S 

en
se

m
bl

e

N
SE

0.
98

 (C
at

B
oo

st)
K

G
E

0.
95

 (C
at

B
oo

st)

A
iy

el
ok

un
 e

t a
l. 

20
24

)
Ru

no
ff 

Pr
ed

ic
tio

n
B

oo
sti

ng
 (C

at
B

oo
st,

 
X

G
B

oo
st,

 L
ig

ht
G

B
M

)
V

u 
G

ia
 T

hu
 B

on
 R

iv
er

 
B

as
in

, V
ie

tn
am

M
A

E
24

.3
7

H
yb

rid
 R

F 
+

 B
oo

sti
ng

 
m

od
el

s e
ffe

ct
iv

el
y 

pr
ed

ic
t 

ru
no

ff 
an

d 
ou

tp
er

fo
rm

 
tra

di
tio

na
l m

et
ho

ds

R
M

SE
62

.8
1

R
2

0.
92

Re
n 

et
 a

l. 
20

23
)

Fl
oo

d 
Si

m
ul

at
io

n/
Pr

ed
ic

-
tio

n
B

ag
gi

ng
 (R

F)
, B

oo
sti

ng
 

(G
D

B
T)

M
an

as
 R

iv
er

 b
as

in
, C

en
-

tra
l A

si
a

R
M

SE
38

.4
4

H
yb

rid
 S

PH
Y-

R
F 

si
g-

ni
fic

an
tly

 im
pr

ov
es

 fl
oo

d 
si

m
ul

at
io

n 
in

 d
at

a-
sc

ar
ce

 
gl

ac
ia

l b
as

in
s

PB
IA

S
−

12
.5

N
SE

0.
65

A
ra

ba
m

er
i e

t a
l. 

20
20

)
Fl

oo
d 

Su
sc

ep
tib

ili
ty

 
M

ap
pi

ng
B

oo
sti

ng
, B

ag
gi

ng
G

or
ga

nr
ou

d 
R

iv
er

 B
as

in
, 

N
or

th
er

n 
Ir

an
A

U
C

 (P
RC

)
0.

95
1

En
se

m
bl

e 
M

L 
m

od
el

s 
en

ha
nc

e 
flo

od
 su

sc
ep

ti-
bi

lit
y 

m
ap

pi
ng

 a
cc

ur
ac

y
E

0.
86

TS
S

0.
71

N
hu

 e
t a

l. 
20

20
)

Fl
as

h 
Fl

oo
d 

Su
sc

ep
tib

le
 

M
ap

pi
ng

B
ag

gi
ng

 (H
FP

S-
R

ST
re

e)
Va

n 
B

an
 d

ist
ric

t, 
La

o 
C

ai
 

Pr
ov

in
ce

, V
ie

tn
am

A
U

C
​

0.
96

7
N

ew
 h

yb
rid

 B
ag

gi
ng

-b
as

ed
 

m
od

el
 (H

FP
S-

R
ST

re
e)

 
ac

cu
ra

te
ly

 p
re

di
ct

s fl
as

h 
flo

od
 su

sc
ep

tib
ili

ty

O
ve

ra
ll 

A
cc

ur
ac

y
91

.8
8

K
ap

pa
0.

83
8

R
az

av
i-T

er
m

eh
 e

t a
l. 

20
23

a)
Fl

oo
d 

Su
sc

ep
tib

ili
ty

 
M

ap
pi

ng
B

ag
gi

ng
 (B

ag
gi

ng
-G

A
, 

R
F-

G
A

, B
ag

gi
ng

, R
F)

Su
la

ym
an

iy
ah

 p
ro

vi
nc

e,
 

Ir
aq

A
U

C
-R

O
C

0.
93

5
O

pt
im

iz
ed

 B
ag

gi
ng

 
en

se
m

bl
e 

(B
ag

gi
ng

-G
A

) 
ac

hi
ev

es
 h

ig
he

st 
flo

od
 

su
sc

ep
tib

ili
ty

 m
ap

pi
ng

 
ac

cu
ra

cy

R
M

SE
0.

45
43



	 Earth Science Informatics (2025) 18:416416  Page 26 of 36

Ta
bl

e 
3  

(c
on

tin
ue

d)

Re
f

A
pp

lic
at

io
n

EM
L 

M
od

el
(s

)
St

ud
y 

A
re

a
M

et
ric

 T
yp

e
M

et
ric

 V
al

ue
 (F

or
 B

es
t 

EM
L)

K
ey

 F
in

di
ng

R
ia

zi
 e

t a
l. 

20
23

)
Fl

oo
d 

Su
sc

ep
tib

ili
ty

 
M

ap
pi

ng
B

ag
gi

ng
 (B

A
-R

B
F,

 R
C

-
R

B
F,

 R
SS

-R
B

F)
G

oo
rg

an
ro

od
 w

at
er

sh
ed

, 
Ir

an
A

U
C

​
0.

99
7

H
yb

rid
 B

ag
gi

ng
-b

as
ed

 
en

se
m

bl
es

 e
nh

an
ce

 fl
oo

d 
su

sc
ep

tib
ili

ty
 m

od
el

in
g 

ac
cu

ra
cy

R
M

SE
0.

05
3

N
SE

0.
94

8
B

ui
 e

t a
l. 

20
19

)
Fl

as
h 

Fl
oo

d 
Su

sc
ep

tib
ili

ty
 

M
ap

pi
ng

B
oo

sti
ng

, B
ag

gi
ng

La
o 

C
ai

 P
ro

vi
nc

e,
 V

ie
t-

na
m

A
U

C
​

0.
97

40
 (F

U
R

IA
-G

A
-

A
da

B
oo

st)
O

pt
im

iz
ed

 tr
ee

-b
as

ed
 

en
se

m
bl

e 
m

et
ho

ds
 

pr
ov

id
e 

hi
gh

 a
cc

ur
ac

y 
fo

r 
fla

sh
 fl

oo
d 

su
sc

ep
tib

ili
ty

 
m

ap
pi

ng

C
la

ss
ifi

ca
tio

n 
A

cc
ur

ac
y

93
.3

7%
 (F

U
R

IA
-G

A
-

B
ag

gi
ng

)
Se

ns
iti

vi
ty

96
.9

4%
 (F

U
R

IA
-G

A
-

B
ag

gi
ng

)
A

lD
ah

ou
l e

t a
l. 

20
23

)
St

re
am

flo
w

 c
la

ss
ifi

ca
tio

n
St

ac
ki

ng
Pe

ni
ns

ul
ar

 M
al

ay
si

a
F1

 S
co

re
0.

69
St

ac
ke

d 
En

se
m

bl
e 

ac
hi

ev
es

 
hi

gh
 p

er
fo

rm
an

ce
 fo

r 
str

ea
m

flo
w

 c
la

ss
ifi

ca
tio

n
Q

W
K

0.
96

3

Su
n 

et
 a

l. 
20

22
)

St
re

am
flo

w
 F

or
ec

as
tin

g
B

oo
sti

ng
 (G

B
RT

)
H

an
 R

iv
er

, C
hi

na
R

M
SE

36
.3

69
2

H
yb

rid
 m

od
el

 in
co

rp
or

at
-

in
g 

B
oo

sti
ng

 e
ns

em
bl

e 
(G

B
RT

) i
m

pr
ov

es
 

str
ea

m
flo

w
 fo

re
ca

sti
ng

 
ac

cu
ra

cy

R2
0.

98
9

M
A

E
9.

52
46

G
ra

na
ta

 a
nd

 N
un

no
 2

02
4)

St
re

am
flo

w
 F

or
ec

as
tin

g
St

ac
ki

ng
 (S

ta
ck

ed
 M

LP
-

R
F)

Si
x 

U
K

 ri
ve

rs
K

G
E

0.
96

1
St

ac
ke

d 
M

LP
-R

F 
eff

ec
tiv

e 
fo

r s
tre

am
flo

w
 fo

re
ca

st-
in

g;
 m

et
a-

le
ar

ne
r c

ho
ic

e 
is

 im
po

rta
nt

M
A

PE
18

.3
1

R
2

0.
96

1

El
be

lta
gi

 e
t a

l. 
20

22
)

R
iv

er
 fl

ow
 ra

te
 p

re
di

ct
io

n
B

ag
gi

ng
D

es
 M

oi
ne

s w
at

er
sh

ed
 

(I
ow

a,
 U

SA
)

R
2

0.
97

0 
(M

5P
)

M
L 

ap
pr

oa
ch

, i
nc

lu
d-

in
g 

B
ag

gi
ng

 m
et

ho
ds

, 
eff

ec
tiv

e 
fo

r s
tre

am
flo

w
 

pr
ed

ic
tio

n;
 M

5P
 p

er
-

fo
rm

s b
es

t

M
A

E
1.

76
8

R
M

SE
5.

69
9

Ta
lu

kd
ar

 e
t a

l. 
xx

xx
)

Fl
oo

d 
Su

sc
ep

tib
ili

ty
 

M
ap

pi
ng

B
ag

gi
ng

Te
es

ta
 R

iv
er

 b
as

in
, B

an
g-

la
de

sh
A

U
C

​
0.

94
5 

(B
gM

5P
)

B
ag

gi
ng

 e
ns

em
bl

es
 

eff
ec

tiv
el

y 
m

od
el

 fl
oo

d 
su

sc
ep

tib
ili

ty
; B

gM
5P

 
pe

rfo
rm

s s
up

er
io

r

Se
ns

iti
vi

ty
86

.2
5 

(B
gM

5P
)

Sp
ec

ifi
ci

ty
88

.7
5 

(B
gM

5P
)

G
oo

da
rz

i e
t a

l. 
20

24
)

Sh
or

t-t
er

m
 st

re
am

flo
w

 
es

tim
at

io
n

B
oo

sti
ng

 (A
da

B
oo

st,
 

G
B

R
, X

G
B

oo
st)

D
ez

 R
iv

er
, I

ra
n

R
0.

99
2 

(A
N

FI
S)

B
oo

sti
ng

 m
od

el
s s

ho
w

 
str

on
g 

pe
rfo

rm
an

ce
 fo

r 
str

ea
m

flo
w

 e
sti

m
at

io
n;

 
A

N
FI

S 
pe

rfo
rm

s b
es

t 
ov

er
al

l

R
M

SE
8.

95
M

A
E

6.
41

8

Zh
an

g 
et

 a
l. 

20
23

b)
W

at
er

 le
ve

l p
re

di
ct

io
n 

in
 

pu
m

pi
ng

 st
at

io
ns

B
ag

gi
ng

B
ei

jin
g,

 C
hi

na
M

A
E

19
.1

4
H

yb
rid

 C
N

N
-L

ST
M

 m
od

el
 

w
ith

 a
tte

nt
io

n 
an

d 
B

ag
-

gi
ng

 in
te

gr
at

io
n 

im
pr

ov
es

 
pr

ed
ic

tio
n 

ac
cu

ra
cy

R2
0.

72
R

M
SE

24
.6

2



Earth Science Informatics (2025) 18:416	 Page 27 of 36  416

Ta
bl

e 
3  

(c
on

tin
ue

d)

Re
f

A
pp

lic
at

io
n

EM
L 

M
od

el
(s

)
St

ud
y 

A
re

a
M

et
ric

 T
yp

e
M

et
ric

 V
al

ue
 (F

or
 B

es
t 

EM
L)

K
ey

 F
in

di
ng

C
hi

an
g 

et
 a

l. 
20

18
)

H
ou

rly
 S

tre
am

flo
w

 P
re

-
di

ct
io

ns
B

oo
sti

ng
Lo

ng
qu

an
 C

re
ek

 &
 Ji

n-
hu

a 
R

iv
er

 w
at

er
sh

ed
s, 

C
hi

na

R
M

SE
17

.0
25

En
se

m
bl

e 
N

N
s i

m
pr

ov
e 

str
ea

m
flo

w
 p

re
di

ct
io

n 
ac

cu
ra

cy
 a

nd
 re

du
ce

 
un

ce
rta

in
ty

R
2

0.
94

8

G
be

nc
h

0.
63

Sh
en

 e
t a

l. 
20

22
b)

Ru
no

ff 
Pr

ob
ab

ili
ty

 P
re

-
di

ct
io

n
B

oo
sti

ng
 (N

G
bo

os
t, 

X
G

B
oo

st)
up

pe
r Y

an
gt

ze
 R

iv
er

, 
C

hi
na

R
M

SE
83

6.
51

B
oo

sti
ng

 m
od

el
 (N

G
bo

os
t) 

im
pr

ov
es

 d
et

er
m

in
ist

ic
 

an
d 

pr
ov

id
es

 re
lia

bl
e 

pr
ob

ab
ili

sti
c 

ru
no

ff 
pr

e-
di

ct
io

n

R
2

0.
98

41
IC

P
0.

89
2

M
eh

ra
ei

n 
et

 a
l. 

20
22

)
M

on
th

ly
 S

tre
am

flo
w

 
Pr

ed
ic

tio
n

B
oo

sti
ng

, B
ag

gi
ng

Tu
rk

ey
R

M
SE

12
.3

3
B

oo
sti

ng
 a

nd
 B

ag
gi

ng
 

m
et

ho
ds

 e
ffe

ct
iv

el
y 

pr
e-

di
ct

 m
on

th
ly

 st
re

am
flo

w
; 

C
B

 a
nd

 X
G

B
 p

er
fo

rm
 

su
pe

rio
r

M
A

E
8.

77
EL

,M
0.

68

Pr
as

ad
 e

t a
l. 

20
23

)
D

ai
ly

 R
un

off
 F

or
ec

as
tin

g
St

ac
ki

ng
, B

ag
gi

ng
, 

B
oo

sti
ng

Q
ia

nt
an

g 
R

iv
er

 b
as

in
, 

C
hi

na
N

SE
0.

84
5

N
ov

el
 S

ta
ck

in
g 

en
se

m
bl

e 
(A

TE
) s

ig
ni

fic
an

tly
 

im
pr

ov
es

 d
ai

ly
 ru

no
ff 

fo
re

ca
sti

ng
 a

cc
ur

ac
y

R
M

SE
33

2.
15

2
M

A
E

14
7.

54
6

G
an

 e
t a

l. 
20

24
)

Fl
oo

dp
la

in
 L

ak
e 

W
at

er
 

Le
ve

l P
re

di
ct

io
n

B
oo

sti
ng

 (L
ig

ht
G

B
M

)
Po

ya
ng

 L
ak

e,
 C

hi
na

R
M

SE
0.

09
B

oo
sti

ng
 m

od
el

 (L
ig

ht
-

G
B

M
) e

ffe
ct

iv
el

y 
pr

ed
ic

ts
 fl

oo
dp

la
in

 la
ke

 
w

at
er

 le
ve

ls
; u

si
ng

 p
as

t 
w

at
er

 le
ve

ls
 si

gn
ifi

ca
nt

ly
 

im
pr

ov
es

 a
cc

ur
ac

y
Ta

ka
i E

dd
in

e 
et

 a
l. 

20
24

)
St

re
am

flo
w

 S
im

ul
at

io
n

B
ag

gi
ng

, D
ag

gi
ng

A
m

on
t d

es
 g

or
ge

s s
ta

tio
n,

 
A

lg
er

ia
N

SE
0.

76
En

se
m

bl
e 

SV
M

 m
od

el
s, 

pa
rti

cu
la

rly
 D

ag
gi

ng
 

va
ria

nt
 (S

V
M

-D
ag

gi
ng

), 
im

pr
ov

e 
str

ea
m

flo
w

 
si

m
ul

at
io

n 
ac

cu
ra

cy

R
M

SE
6.

58
R

0.
96

Fi
ja

ni
 a

nd
 K

ho
sr

av
i 2

02
3)

La
ke

 W
at

er
 L

ev
el

 F
or

e-
ca

sti
ng

B
ag

gi
ng

, B
oo

sti
ng

La
ke

 S
up

er
io

r a
nd

 L
ak

e 
M

ic
hi

ga
n

K
G

E
0.

97
3 

(B
A

-I
CO

)
H

yb
rid

 B
ag

gi
ng

 a
nd

 
B

oo
sti

ng
 e

ns
em

bl
es

 
im

pr
ov

e 
la

ke
 w

at
er

 le
ve

l 
fo

re
ca

sti
ng

 a
cc

ur
ac

y;
 

BA
-I

CO
 p

er
fo

rm
s b

es
t

R2
0.

97
 (A

R-
IC

O
)

R
M

SE
0.

07

U
lla

h 
et

 a
l. 

20
23

)
Fu

tu
ris

tic
 S

tre
am

flo
w

 
Pr

ed
ic

tio
n

B
oo

sti
ng

 (A
da

B
oo

st,
 

G
ra

di
en

t B
oo

sti
ng

)
Sw

at
 R

iv
er

 b
as

in
R

2
0.

86
 (A

da
B

oo
st)

B
oo

sti
ng

 m
od

el
s e

va
lu

at
ed

 
fo

r s
tre

am
flo

w
 p

re
di

c-
tio

n;
 A

da
B

oo
st 

ou
tp

er
-

fo
rm

s o
th

er
s a

nd
 is

 u
se

d 
fo

r f
ut

ur
ist

ic
 p

ro
je

ct
io

n

N
SE

0.
90

 (A
da

B
oo

st)
R

M
SE

77
.0

5 
(A

da
B

oo
st)



	 Earth Science Informatics (2025) 18:416416  Page 28 of 36

characterized by complex terrain (Jin et al. 2022) and urban 
landscapes (Jin et al. 2022). Integrating EML techniques 
with hydrological modeling has emerged as a powerful 
approach to tackle the challenges of runoff prediction and 
flash flood susceptibility, particularly in data-scarce regions.

•	 Rainfall-Runoff Prediction: In tropical river basins 
like the Vu Gia Thu Bon River Basin, Vietnam, Light-
GBM combined with SSA have significantly improved 
runoff prediction accuracy (Aiyelokun et al. 2024). The 
synergy between CatBoost, XGBoost, and LightGBM, 
coupled with a rigorous feature selection process using 
RF, addresses the challenges posed by limited historical 
data. The hybrid model captures temporal dynamics and 
non-stationarity inherent in rainfall patterns, providing 
robust predictions with minimal computational expense. 
Furthermore, applying advanced feature selection tech-
niques (such as RF-based feature importance) optimizes 
model performance by eliminating redundant or irrel-
evant input variables, thereby enhancing the predictive 
capacity of the ensemble model.

•	 Flash Flood Susceptibility Mapping: The optimization 
of ensemble learning models for flash flood susceptibil-
ity mapping, as illustrated in Bui et al. xxxx, represents 
a critical advance in flood risk management in flood-
prone regions of Vietnam. This study employs a hybrid 
fuzzy-rule-based feature selection algorithm (FURIA) 
combined with tree-based ensemble methods such as 
AdaBoost and LogitBoost. The FURIA-GA-AdaBoost 
and FURIA-GA-LogitBoost configurations significantly 
enhance the model’s ability to discern complex patterns 
from multi-dimensional geomorphological data. The 
feature selection process incorporates a variety of topo-
graphical indices and hydrological variables (e.g., eleva-
tion, slope, and standardized precipitation index), which 
are essential for accurately identifying high-risk flood 
zones. Implementing tenfold cross-validation further 
enhances model robustness, ensuring that the generated 
flood susceptibility maps are accurate and generalizable 
to different flood events and geographical areas.

Water Level and Lake Forecasting  Predicting water levels 
in lakes and reservoirs is a crucial hydrological application 
of EML methods, particularly for addressing water resource 
management challenges in arid and semi-arid regions. EML 
models, such as bagging-based tree models, offer powerful 
capabilities for managing large-scale, multi-dimensional 
hydrological datasets, often including satellite imagery, cli-
matic records, hydrometric data, and in-situ measurements. 
These models effectively integrate diverse input scenarios, 
including variations in climatic and hydrological conditions, 
to generate robust and dynamic predictions, which are essen-
tial for sustainable water management strategies.Ta

bl
e 

3  
(c

on
tin

ue
d)

Re
f

A
pp

lic
at

io
n

EM
L 

M
od

el
(s

)
St

ud
y 

A
re

a
M

et
ric

 T
yp

e
M

et
ric

 V
al

ue
 (F

or
 B

es
t 

EM
L)

K
ey

 F
in

di
ng

A
l-A

re
eq

 e
t a

l. 
20

23
)

Fl
oo

d 
Su

bs
id

en
ce

 S
us

-
ce

pt
ib

ili
ty

 M
ap

pi
ng

B
oo

sti
ng

Q
aa

’J
ah

ra
n,

 Y
em

en
A

U
C

​
0.

99
27

B
oo

sti
ng

-b
as

ed
 h

yb
rid

 
ev

al
ua

te
d 

fo
r fl

oo
d 

su
sc

ep
tib

ili
ty

 m
ap

pi
ng

; 
no

n-
en

se
m

bl
e 

El
as

tic
-n

et
 

pe
rfo

rm
s s

lig
ht

ly
 b

et
te

r

F1
0.

97
62

A
cc

ur
ac

y
0.

97
53

R
az

av
i-T

er
m

eh
 e

t a
l. 

20
23

b)
Fl

as
h 

flo
od

 su
sc

ep
tib

ili
ty

 
m

ap
pi

ng
B

oo
sti

ng
K

az
er

un
 re

gi
on

, I
ra

n
A

U
C

​
0.

96
 (X

G
B

oo
st-

C
S)

B
oo

sti
ng

 m
od

el
 (X

G
B

oo
st)

 
an

d 
its

 m
et

ah
eu

ris
tic

-
op

tim
iz

ed
 h

yb
rid

s 
eff

ec
tiv

el
y 

m
ap

 fl
oo

d 
su

s-
ce

pt
ib

ili
ty

, w
ith

 h
yb

rid
s 

sh
ow

in
g 

im
pr

ov
ed

 
ac

cu
ra

cy

R
2

0.
78

7 
(X

G
B

oo
st-

C
S)

R
M

SE
0.

23
 (X

G
B

oo
st-

C
S)



Earth Science Informatics (2025) 18:416	 Page 29 of 36  416

•	 Lake Water Level Forecasting: A notable example of 
this application is the use of ensemble bagging-based 
tree models to forecast water levels at Lake Urmia 
(Hajian et al. 2022). This study developed an ensem-
ble of multiple bagging-based tree models, including 
Bagging-RF (BA-RF) and Bagging-Alternating Model 
Tree (BA-AMT), to predict lake water levels across dif-
ferent lead times (1, 2, 3, and 6 months). These models 
leverage diverse input data, including climatic records, 
hydrological observations, and satellite-based remote 
sensing data, enabling a comprehensive assessment of 
water level changes under various environmental and 
anthropogenic scenarios. By incorporating EML tech-
niques, these models can account for complex climatic 
and hydrological dynamics, making them a critical 
tool for informed decision-making in managing Lake 
Urmia’s water resources, particularly considering the 
region’s severe water scarcity challenges.

•	 Water Pumping Station Predictions: Another impor-
tant application of EML methods in hydrology is pre-
dicting water levels in pumping stations for large-scale 
water transfer projects, such as those in China (Zhang 
et al. 2023b). In this case, a bagging-based ensemble 
model was developed, integrating Convolutional Neu-
ral Networks (CNN) and LSTM networks to predict 
water levels at pumping stations. This hybrid archi-
tecture within the bagging ensemble framework ena-
bles effective forecasting of historical time series data, 
ensuring optimal operation of water transfer systems. 
The model incorporates a self-attention mechanism 
during the feature selection process, enhancing its 
ability to prioritize and extract relevant features from 
high-dimensional datasets. By dynamically adapting to 
the temporal dependencies and spatial patterns in the 
data, the CNN-LSTM architecture improves both the 
interpretability and predictive accuracy of the model, 
facilitating the proactive management of risks such as 
reservoir overflow or drying, which are critical in large-
scale water transfer projects.

Enhancing Global Hydrological Models  EML models are 
also employed to improve the performance of traditional 
process-based hydrological models. In these cases, ensem-
ble learning methods enhance streamflow simulations and 
correct model errors.

•	 Error Correction: A notable study (Shen et al. 2022a) 
applied RF to correct the errors of a large-scale hydrolog-
ical model (PCR-GLOBWB) in Europe. By incorporating 
model state variables, the study significantly improves 
the accuracy of streamflow predictions by reducing errors 
in model state variables across several countries, includ-
ing Germany, the Netherlands, Switzerland, and France.

•	 Ensemble-Based Hybrid Model Integration: Studies 
such as (Lei et al. 2024) from China use hybrid ensemble 
models to integrate multi-source data with process-based 
hydrological models like Block‑wise use of TOPMODEL 
(BTOP), improving streamflow forecasting.

Advancing Hydrological Uncertainty Quantification  Manag-
ing uncertainty in hydrological predictions is essential for 
optimizing the performance of EML models. Integrating 
Bayesian optimization and probabilistic forecasting within 
ensemble frameworks enhances uncertainty quantification, 
leading to more robust decision-making.

•	 Uncertainty in Streamflow Prediction: (Bai et al. 2021) 
presents a novel approach using Bayesian optimization 
to fine-tune XGBoost and GPR for probabilistic hydro-
logical forecasts in the Yangtze River Basin, China. The 
XGB-GPR-BOA hybrid model is designed to minimize 
uncertainties in key predictive variables, providing accu-
rate probabilistic streamflow and runoff predictions. Key 
preprocessing techniques include feature selection using 
maximum mutual information (MIC) to identify the most 
relevant historical data correlations, normalization of 
runoff data to ensure consistent scale across models, and 
Data Transformation to format input features and labels 
appropriately for the hybrid model. These preprocessing 
steps contribute to the enhanced efficiency and stability 
of the model.

Limitations and future work

Despite the promising advancements in EML methods for 
hydrological applications, several limitations persist that 
warrant further investigation. These challenges primarily 
stem from the inherent complexity of hydrological pro-
cesses, the diversity of data sources, and the variability of 
environmental conditions.

Limitations

1.	 Data Availability and Quality: Many EML studies rely 
on historical datasets that may be incomplete or biased. 
The need for high-resolution spatial and temporal data, 
particularly in remote or under-monitored regions, lim-
its the robustness and generalizability of the developed 
models. Data preprocessing techniques such as normal-
ization and outlier detection remain critical yet often 
need to be explored steps that can significantly impact 
model performance.

2.	 Model Interpretability: A significant challenge with 
complex EML architectures, particularly hybrid and 
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stacked models, is their ‘black-box’ nature. While offer-
ing high predictive accuracy, the lack of transparency in 
their decision-making processes hinders understanding 
the underlying hydrological relationships captured and 
limits trust among stakeholders for informed decision-
making. Our systematic review found that despite this 
challenge being acknowledged conceptually in some 
studies, the routine application and detailed reporting 
of methods to enhance model interpretability were mini-
mal in the reviewed literature, suggesting a gap between 
recognizing the problem and implementing solutions.

3.	 Scalability and Computational Complexity: The com-
putational demands of training and deploying sophis-
ticated EML models can hinder their scalability, par-
ticularly in real-time applications. The trade-off between 
model complexity and operational efficiency is a perti-
nent concern, especially when applying these models to 
large-scale hydrological systems.

4.	 Dynamic Environmental Changes: The impact of cli-
mate change and anthropogenic activities on hydrologi-
cal cycles introduces uncertainties that existing models 
may not adequately account for. EML methods often 
assume stationary conditions; thus, their adaptability to 
evolving climatic scenarios is an area requiring more 
thorough exploration.

5.	 Handling Data Heterogeneity and Noise: Hydrologi-
cal datasets often vary significantly across regions and 
time periods, with different sources contributing to data 
heterogeneity and noise. This variability can negatively 
impact EML model performance and stability, especially 
when attempting to generalize across different hydro-
logical settings.

6.	 Overfitting and Generalization Challenges: While 
ensemble techniques are generally robust, EML models 
can still suffer from overfitting, especially when trained 
on small or highly specific datasets. This overfitting 
reduces their ability to generalize to unseen data, limit-
ing their effectiveness in diverse hydrological scenarios.

7.	 Lack of Standardized Evaluation Metrics: Studies 
use various metrics to evaluate model performance (e.g., 
RMSE, MAE, R2), making it challenging to compare 
results across studies. The lack of standardized metrics 
limits the ability to benchmark EML models effectively, 
impeding a clear understanding of which models are best 
suited for specific hydrological applications.

8.	 Scope of Literature Search: The bibliometric analy-
sis was limited to the WoS database. While WoS is a 
leading source for high-impact research, the exclusion 
of other relevant databases, such as Scopus, means that 
some relevant publications and potentially unique trends 
indexed primarily in those sources might not be fully 
represented, which could offer a broader perspective on 
the field’s landscape.

9.	 Variability in Model Configuration Reporting and 
Hyperparameter Details: While our review synthesizes 
the predominant types and overall performance trends 
of EML models based on reported metrics, providing a 
detailed, comparative analysis of specific model con-
figurations, such as the optimal number of trees in RF, 
the architecture details (e.g., number of layers, neurons) 
of NNs, or the specific hyperparameters and tuning pro-
cesses used across all reviewed studies, is challenging. 
The level of detail and consistency in reporting these 
crucial configuration parameters varies significantly 
across the literature. This variability limits the ability 
of a review study like ours to quantitatively compare the 
precise influence of these fine-grained model choices on 
performance across different hydrological applications 
and datasets, and also poses significant challenges for 
reproducibility and benchmarking in the field.

Future work

1.	 Enhanced Data Integration: Future research should 
integrate diverse data sources, including remote sensing, 
Internet of Things (IoT) sensors, and socio-economic 
data, to build more comprehensive datasets. Leverag-
ing advanced data assimilation techniques can improve 
model calibration and validation, enhancing predictive 
accuracy in variable environmental conditions.

2.	 Interpretability and Explainability: There is a press-
ing need for dedicated research to develop and apply 
frameworks for enhancing the interpretability of EML 
models in hydrology. This is crucial for building trust 
and enabling domain scientists and stakeholders to gain 
insights from these complex models. Future work should 
focus on integrating and applying model-agnostic inter-
pretability tools, such as SHapley Additive exPlanations 
(SHAP) values, Local Interpretable Model-agnostic 
Explanations (LIME), permutation importance, and 
partial dependence plots. These techniques can provide 
valuable insights into the contributions of individual 
features and model components to predictions, helping 
to move beyond the ‘black-box’ limitation and facilitate 
better integration of EML findings with hydrological 
understanding.

3.	 Dynamic Modeling Approaches: Researchers should 
explore the application of adaptive learning techniques 
that allow EML models to continuously update as new 
data becomes available. This approach could improve 
the models’ resilience to non-stationary conditions and 
enhance their applicability in real-world scenarios char-
acterized by rapid environmental changes.

4.	 Uncertainty Quantification: Future studies should 
incorporate advanced techniques for uncertainty quan-
tification, such as Bayesian frameworks or ensemble 
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forecasting methods, to better account for the inherent 
uncertainties in hydrological predictions. Probabilistic 
modeling approaches can yield more reliable predictions 
and inform risk management strategies.

5.	 Interdisciplinary Collaboration: Promoting interdisci-
plinary research that incorporates insights from hydrol-
ogy, climatology, data science, and socio-economics is 
essential for developing more holistic EML frameworks. 
Collaborative efforts can facilitate the identification of 
novel challenges and innovative solutions that address 
complex hydrological issues.

6.	 Improvement in Feature Engineering: Future research 
should focus on advancing feature engineering tech-
niques to extract meaningful patterns from hydrologi-
cal datasets. Techniques like automatic feature selec-
tion, dimensionality reduction (e.g., through PCA), and 
domain-specific transformations could improve model 
interpretability and performance.

7.	 Integration of Physics-Based Models with EML: 
Combining data-driven EML models with physics-based 
hydrological models could bridge the gap between theo-
retical understanding and empirical data analysis. This 
integration would allow for more accurate predictions 
that incorporate both data patterns and established phys-
ical principles, potentially enhancing model robustness 
and accuracy.

8.	 Addressing Climate Change Impacts: With climate 
change introducing unprecedented variability, future 
work should prioritize developing models that are resil-
ient to these impacts. Scenario-based modeling, where 
EML models are tested and optimized under different 
climate scenarios, could prepare these models to handle 
extreme weather events more effectively.

9.	 Robust Hyperparameter Optimization and Model 
Tuning: Future research should focus on developing and 
applying more systematic, efficient, and robust hyperpa-
rameter optimization techniques specifically tailored for 
EML models in diverse hydrological contexts. Further 
investigations into the sensitivity of EML performance 
to different hyperparameters, initialization strategies, 
and optimization algorithms across various datasets and 
applications are needed to provide clearer guidelines for 
practitioners, improve model reproducibility, and facili-
tate the identification of truly optimal model configura-
tions.

Conclusion

This study provides a comprehensive exploration of the 
development and application of EML models in hydrologi-
cal research, particularly focusing on streamflow prediction, 
flood forecasting, and other key hydrological challenges. 

Through an in-depth bibliometric analysis of 199 publica-
tions and a systematic review of 51 selected studies, our 
findings underscore the growing importance of advanced 
ensemble techniques in addressing the complex, non-linear 
relationships inherent in hydrological systems. The results 
indicate a clear preference for boosting methods, such as 
XGBoost and LightGBM, which consistently outperform 
traditional hydrological models, particularly in tasks related 
to streamflow prediction and flood susceptibility mapping. 
Hybrid models, combining ML techniques like ANN with 
ensemble methods, have proven to be particularly effective 
in improving the robustness and accuracy of hydrological 
predictions. Moreover, stacking techniques, which leverage 
the strengths of multiple base learners, offer superior perfor-
mance in addressing the multifaceted nature of hydrological 
systems, making them highly suitable for complex predic-
tion tasks such as multi-step forecasting and uncertainty 
quantification. Beyond individual model performance, this 
study highlights the significant advancements in the algo-
rithmic development of EML models, with a notable shift 
towards hybridization and dynamic model integration. These 
advancements not only enhance predictive accuracy but 
also improve model adaptability across diverse hydrologi-
cal conditions and data regimes. The bibliometric analysis 
reveals an accelerating trend in the publication of EML-
related research, particularly from 2018 onward, reflecting 
the increasing recognition of these models’ potential to 
transform water resource management and climate impact 
assessments. Despite these promising developments, several 
challenges remain. The interpretability of complex ensem-
ble models continues to be a key area of concern, particu-
larly when applied in decision-making processes. As EML 
models become more sophisticated, ensuring transparency 
and understanding of model outputs will be critical for their 
broader adoption in practice. Additionally, there is a need 
for further research into integrating multiple data sources, 
including satellite remote sensing and ground-based obser-
vations, to enhance the accuracy and reliability of hydrologi-
cal models, particularly in data-scarce regions. In conclu-
sion, the evolution of EML models in hydrology represents 
a significant leap forward in improving predictive capabili-
ties for water resource management. This study contributes 
to the growing body of knowledge by mapping the trends 
and advancements in EML research and identifying critical 
areas for future exploration. As the hydrological impacts of 
climate change become more severe, the continued develop-
ment of robust, interpretable, and adaptive EML models will 
be essential for advancing both academic research and prac-
tical applications in the field of water resources. This study 
underscores the transformative potential of EML models in 
hydrological research and water resource management. By 
systematically integrating ensemble techniques, researchers 
are now able to enhance predictive accuracy and manage 
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complex, non-linear hydrological processes more effectively 
than ever before. These advancements offer practical ben-
efits for flood forecasting, drought prediction, and sustain-
able water management, especially as climate variability 
increases. While EML techniques like boosting, bagging, 
and stacking have demonstrated significant improvements 
in predictive performance, challenges such as data quality, 
model interpretability, and computational demands remain 
substantial. Addressing these challenges will be essential 
to fully realize the potential of EML models in real-world 
hydrological applications.
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