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Abstract

Climate-induced flooding is a major issue throughout the globe, resulting in damage
to infrastructure, loss of life, and the economy. Therefore, there is an urgent need for
sustainable flood risk management. This paper assesses the effectiveness of the hybrid
defense system using advanced artificial intelligence (AI) techniques. A data series of
energy dissipation (AE), flow conditions, roughness, and vegetation density was col-
lected from literature and laboratory experiments. Out of the selected 136 data points, 80
points were collected from literature and 56 from a laboratory experiment. Advanced
Al models like Random Forest (RF), Extreme Boosting Gradient (XGBoost) with Par-
ticle Swarm Optimization (PSO), Support Vector Regression (SVR) with PSO, and ar-
tificial neural network (ANN) with PSO were trained on the collected data series for
predicting floodwater energy dissipation. The predictive capability of each model was
evaluated through performance indicators, including the coefficient of determination
(R?) and root mean square error (RMSE). Further, the relationship between input and
output parameters was evaluated using a correlation heatmap, scatter pair plot, and HEC-
contour maps. The results demonstrated the superior performance of the Random Forest
(RF) model, with a high coefficient of determination (R? = 0.96) and a low RMSE of 3.03
during training. This superiority was further supported by statistical analyses, where
ANOVA and t-tests confirmed the significant performance differences among the models,
and Taylor’s diagram showed closer agreement between RF predictions and observed
energy dissipation. Further, scatter pair plot and HEC-contour maps also supported the
result of SHAP analysis, demonstrating greater impact of the roughness condition followed
by vegetation density in reducing floodwater energy dissipation under diverse flow condi-
tions. The findings of this study concluded that RF has the capability of modeling flood
risk management, indicating the role of Al models in combination with a hybrid defense
system for enhanced flood risk management.

Keywords: climate change; ensemble learning; flood risk; roughness; particle swarm
optimization; Random Forest

1. Introduction

Flooding is one of the most catastrophic natural hazards, resulting in extensive loss
of land, human life, and infrastructure. On a global scale, annual flood events have an
impact on millions of people, disrupting roads, damaging infrastructure, and leading to

Al2026,7,2

https:/ /doi.org/10.3390/ai7010002


https://crossmark.crossref.org/dialog?doi=10.3390/ai7010002&domain=pdf&date_stamp=2025-12-23
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ai
https://www.mdpi.com
https://orcid.org/0000-0002-2300-1300
https://orcid.org/0000-0002-7557-5373
https://doi.org/10.3390/ai7010002

Al2026,7,2

2 of 39

displacement [1,2]. Compared to other natural disasters, flood events happened 40% more
frequently across the world. The major impact of the flood events on communities is
as follows: (1) food shortage, (2) loss of life, (3) waterborne diseases, and (4) economic
impacts for the very long term [3-5]. Flood occurrences have increased significantly due to
rapid urbanization and climate change [1,5]. As a result of climate change, the developing
world often observes catastrophic flood events [6]. For example, Pakistan ranked in the top
10 countries of the world affected by climate change; as a result, the country faced severe
flooding in 2010 and 2022 [7,8]. A recent 2025 flood event in Pakistan demolished a village
in the city of Buner province of Khyber Pakhtunkhwa. However, the damages reported by
the National Disaster Management Authority stated that in the 2022 flood, almost one-third
of the country was affected by flood, which was about thirty-three million people [9,10].
This event alone caused almost forty billion US dollars in the form of damages. Besides
this, the 2022 flood of Pakistan damaged agriculture, a larger area of farmland, standing
crops, and houses [7,11]. These damages were caused by the overflow from the Indus River
during the monsoon season, flooding across a larger part of the country. Therefore, with
increasing intensity of the flood event, it is essential to develop a sustainable and effective
flood risk management approach on an urgent basis [12,13].

For this purpose, researchers across the globe attempted to reduce the intensity of
the flood events through a defense system [14,15]. However, a single defense system com-
prising either a dike/embankment, or moat, or vegetation cannot stand alone against the
catastrophic flood event [16]. Therefore, a combination of these structural measures, like
dikes and moats, along with nature-based solutions (vegetation), has been widely explored
by researchers to understand their effectiveness in flood risk management [17,18]. The
hybrid defense system proposed by the researchers has the capability of adaptation and
sustainability [19,20]. For example, a combined effect of dike and vegetation has widely
been investigated by researcher, and their results show greater resistance of such mea-
sures against flooding, hence providing resilience as well as absorbing floodwater [21,22].
A laboratory study revealed that the combined impact of dike and vegetation shows a
significant result in flood risk management compared to the performance of only dike or
vegetation [23]. The presence of vegetation at the downstream side of the dike results in
lowering floodwater velocity and improving the performance of the dike [24]. Further, re-
searchers investigated the combined impact of dike and moat on the reduction in hydraulic
force generated by floodwater [25]. This approach was extended by the researcher, who
combined dike, moat, and vegetation in a controlled laboratory setting and found that the
hybrid defense system reduced floodwater energy up to 58% [17].

Moreover, an optimal arrangement of the hybrid defense system was tested in a con-
trolled laboratory setting to assess its effectiveness in reducing various hydraulic forces
behind the defense system [16]. A hybrid defense system reduced floodwater delay time by
55% as reported by [18]. The efficacy of the moat in a hybrid defense system was evaluated
by investigating various hydrodynamic phenomena under varying flow conditions [26].
Previous research reported that a moat within a hybrid defense system acts as a water
storage structure, reducing floodwater intensity and dissipating the energy of floodwa-
ter by hydraulic jump within a body of a moat [27,28]. Therefore, the integration of the
soft (vegetation) and hard solutions (dike and moat) has the potential to provide a more
resilient framework for effective flood risk management [29,30]. However, a precise pre-
diction of flood risk management is essential through the utilization of advanced artificial
intelligence techniques.

Previously, researchers have evaluated the performance of the advanced artificial
intelligence (AI) models in predicting flood risk management [31-33]. However, the de-
velopment of an Al-driven framework for flood protection most of the time depends
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on data series collected from hydrological stations, satellites, and sensors for a real-time
assessment of flood prediction [34,35]. Al models have the capability of predicting var-
ious hydrodynamic phenomena and flow characteristics [36]. Al-driven evaluation of
flood risk management provides a significant contribution to proposing an effective flood
management approach.

However, a previous study utilized Al models on historical data points of flood-
ing to understand the complex and nonlinear interaction of flow with flood resilience
infrastructures [37]. Particularly, Al models like artificial neural network (ANN), Support
Vector Regression (SVR), and Random Forest (RF) can capture the nonlinear interaction
of flow with flood risk management elements [38]. These Al models assess how flood
risk management elements impact flood behavior based on input parameters like rainfall
intensity, land use changes, and soil conditions [39]. However, the accuracy and prediction
capability of the ANN, SVR, and RF depend on the nature of the data series in predicting
flood risk management [40]. Upon comparison to traditional approaches, researchers rec-
ommended that Al models can easily capture flood behavior and damage under diverse
conditions [41]. The incorporation of Al models equipped flood risk management systems
with higher flexibility, adaptability, and precision, enabling better flood forecasting and
better preparedness.

A detailed comparison to prior studies has been conducted to present progress and
application of artificial intelligence modeling in flood risk and management analysis.
The literature reported in this study is recently published and is within the scope of the
present study to highlight the novelty addressed. For instance, a study conducted by
Chapi et al. [42] focused on the utilization of ensemble and tree-based modeling, like the
Bagging-Logistic Model Tree framework for flood susceptibility mapping, demonstrat-
ing significant performance over traditional approaches. A subsequent study reported
real-time flood forecasting and debris flow detection using the integration of computa-
tional intelligence and an early warning system [43]. Another study was conducted by
the integration of deep learning frameworks such as Long Short-Term Memory (LSTM)
and attention-based approaches for the analysis of temporal dependencies in flood risk,
indicating higher predictive capability and minimizing quantification of uncertainty [44].
A short-term flood forecasting and inundation mapping was studied by the utilization of
a deep learning approach for handling nonlinear hydrodynamics phenomena and large
datasets [45]. Furthermore, flood risk prediction was improved by the integration of a
two-dimensional hidden-layer neural architecture for analyzing spatiotemporal features of
hydrological phenomena, improving adaptability across lead times, decision support for
mitigation, and enhancing model accuracy [46]. Besides Al models, a previous study also
reported the importance of a SWAT-based approach for predicting the increasing risk of
flooding under diverse climate conditions, linking land-use change, vegetation dynamics,
and runoff extremes for adaptation planning supporting long-term policy [47].

Conventional neural networks and hybrid Al models were adopted for regional and
climatic adaptability, specifically in urban and tropical environments [48-50]. A recently
published study introduces LSTM with a Particle Swarm Optimization (PSO) optimizer and
other metaheuristic algorithms to enhance stability and robustness under diverse hydro-
logical scenarios [51]. Moreover, the black-box nature of Al models and their explainable
tools, such as SHAP analysis, enhances stakeholder confidence and interpretability in the
assessment of flood susceptibility [52]. Although significant literature has reported on the
effectiveness of Al models, numerous researchers have raised challenges in such model-
ing related to bias in datasets, transferability, and limited generalization across various
regions [53-55]. Further reviews of the comprehensive literature on flood risk management
highlight the need for adaptable, data-efficient, and interpretable Al-based modeling [54,55].
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Notably, although most of the earlier studies have focused on the relationships between
rainfall and runoff as well as flood inundation mapping and susceptibility analysis, few
have examined the relationship between floodwater and physical mitigation infrastructure,
especially hybrid systems involving gray and green mitigation measures [56]. This gap
demonstrates the need for data-driven models that explicitly consider flow-structure inter-
actions, thereby justifying the focus of the current study on Al-based modeling of hybrid
defense systems to mitigate the flood risk.

Although previous studies have widely adopted gray (dike and moat) and green
(vegetation) infrastructures for flood risk management. However, modeling a hybrid de-
fense system through conventional or analytical techniques is difficult to understand the
complex interaction between flow and these infrastructures. For this purpose, the current
study utilizes advanced ensemble learning models to understand complex relationships
between the parameters involved in this interaction from the data series and generalize
them to new hydraulic conditions. The architecture to model the hybrid defense system
with RE, SVR-PSO, XGBoost-PSO, and ANN-PSO allows realizing a more detailed view
of the combined role of these systems in the flood mitigation process, as summarized
in Table 1, which should be used to develop an effective and flexible flood-specific so-
lution. Modeling is therefore required to (i) evaluate the magnitude of flow reduction
and energy dissipation for different design configurations, (ii) explore non-linear inter-
actions that cannot be isolated in laboratory tests alone, (iii) assess a large number of
scenarios that would be impractical or too costly to test physically, and (iv) provide a
framework that can be extended in future studies using field or regional hydrological data
for flood-risk assessment. Table 2 summarizes the importance of modeling in addition to
physical experiments.

Table 1. Rationale for modeling moat, dike, and hybrid systems using Al techniques.

Challenge/Gap

Description Why ML Modeling Helps

Spatial variability

Hydraulic behavior varies across

) ; . ML 1 ion- ifi tt
locations and soil conditions can learn TegIoN-SpecIlic patierns

Nonlinear flow-structure interaction

Turbulence, jet formation, and scour =~ ML captures complex relationships
are highly nonlinear without simplifying assumptions

Multiple interacting

Moat width, dike spacing, and

. o ML handles multivariate
vegetation density interact

parameters simultaneously dependencies
Limited analytical Existing formulas apply only to ML learns from experimental /
formulas idealized conditions field data

Need for rapid scenario testing.

Traditional modeling is

: . ML offers instant predictions
time consuming

Predictive flood-risk Future flow extremes require ML enables forecasting under

assessment

scenario-based predictions new conditions

Prior studies have not quantified a hybrid defense system comprising dike, moat, and
vegetation using a data-driven framework; thus, the scientific novelty of this study lies
beyond the comparative analysis of standard Al models tested. In contrast, the primary
objective of this study is the development of data-driven models of a flood risk management
defense system comprising multiple structural measures, such as dike, moat, and nature-
based solution (vegetation). Although prior studies analyzed conventional laboratory-
based analysis of the hybrid defense system, this study introduced a new paradigm of
data-driven predictive models for understanding the complex interaction between flow and
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the hybrid defense system. The present study also uses the hyperparameter optimization
method driven by PSO uniquely fitted to this hydraulic setup so that the models can be able
to illustrate the intricate flow-structure relationships that cannot be understood through
the existing trial and error techniques. The study also validated flow-structure interaction
by developing a relationship between input and output parameters along with models’
interpretability (SHAP) analysis.

Table 2. Need for modeling in addition to physical experiments.

Established Knowledge Need for Modeling
Dikes, moats, and vegetation are known to Their combined behavior cannot be quantified accurately
reduce flood effects. without modeling.

The hydraulic effect of each element (e.g., roughness,
momentum loss, and wake formation) is
well documented.

Hybrid systems show interactions that cannot be
described using simple empirical or analytical formulas.

Physical experiments provide reliable insight but only Modeling enables the evaluation of a wider range of
cover a limited number of flow and structural conditions. scenarios that cannot be tested experimentally.
Laboratory studies can be time-consuming, costly, and Modeling offers a faster and more cost-effective way to
difficult to repeat for multiple configurations. explore different design options.

Numerical simulations provide useful information but
may require significant computational effort and are
sensitive to boundary conditions.

Machine-learning models can provide rapid predictions
without the need for repeated simulations.

However, despite the significant contribution of the researchers in the field of flood risk
management, there is still a gap in the previous research. While literature has extensively
investigated the efficiency of the multiple structures for flood risk management under
controlled laboratory settings. However, the long-term assessment of the hybrid defense
system is still limited by the utilization of advanced Al models. The evaluation of the hybrid
defense system by the integration of Al models remains underexplored. Addressing this gap
is critical for developing a sustainable, adaptive, and comprehensive flood defense system
that has the capability of withstanding climate-induced floods. Therefore, this research
aims to explore the effectiveness of the hybrid defense system through an advanced Al
model for predicting energy dissipation. The objectives of the current research paper are the
following: (1) to evaluate the relationship between flow, roughness, vegetation conditions,
and energy dissipation using correlation heatmap, scatter pair plot, and HEC-contour map,
(2) to predict floodwater energy dissipation using advanced Al models for assessing the
effectiveness of the hybrid defense system, (3) to evaluate the performance and predictive
capability of the Al models using various performance indicators, and (4) to evaluate the
performance of the Al models using statistical analysis such as ANOVA, t-test, Taylor’s
diagram, and Violin plots.

The objectives of the present study closely align with the Sustainable Development
Goals (SDGs) defined by the United Nations, especially Sustainable Cities and Communities
(SDG-11) and Climate Action (SDG-13). The research paper attempted to develop Al-
based modeling of a hybrid defense system consisting of dikes, moats, and vegetation for
sustainable and flood-resilient infrastructure. Additionally, the utilization of the nature-
based solution (vegetation) promotes an ecosystem-based adaptation approach by targeting
SDG-15 (life on land). The predictive capability of the Al-modeling evaluates the structural
resilience of the hybrid defense system; however, the current research also helps in the
development of the early warning system that should be incorporated in future research
for communities and critical infrastructure safety.
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2. Materials and Methods
2.1. Hybrid Defense System

A hybrid defense system refers to a framework comprising two or more structural
measures for flood risk management. The multiple structural measures integrated in
the hybrid defense system include dike, moat, and vegetation, or a combination of these
(Figure 1a). Table 3 summarizes the definition of the dike, moat, and vegetation, and their
significance in this study. The main purpose of this framework is that a single structural
measure may not effectively withstand catastrophic flood events, but the combined impact
of these measures may reduce the synergy and intensity of flood events [16]. The main
defense against rising water is dikes [57]; the main storage and diversion measures are
moats, which slow down and spread flood waves [58], and lastly, vegetation, which resists
floodwater, decreases velocity, and provides riverbank stabilization [59]. Dike-moat—
vegetation or vegetation—-moat-dike combinations also increase the resilience by energy
dissipation, and risk spreading across layers, as well as reduced maintenance requirements
versus stand-alone “gray” structures [16,17]. Such a solution has been receiving more and
more attention as a viable solution to climate variability.

There are multiple examples of hybrid defense in various countries. A similar situation
with the experimental foreshore vegetation in front of dikes in the Netherlands under the
Building with Nature program has been proven, which showed that marshes and willow
belts help to diminish wave loads and enhance the security of the levees [60]. When
combined with green belts and canals, the rehabilitation of old urban moats in China has
notably increased the capacity to store and discharge floodwaters, especially those densely
growing urban areas [61,62]. Routine Indus floods in Pakistan have an embankment
with a combination of vegetated floodplain, which can only achieve a protective effect
on the settlements in rural areas, in addition to aiding in agriculture [63]. These cases
combined touch on the fact that hybrid defense systems are technically efficient and flexible
in different geographies.

Table 3. Definitions of the dike, moat, and vegetation, and their significance in this study.

Term Definition Significance in the Study
An embankment or raised structure Dikes act as a major structural measure
Dike constructed parallel to a river or flood pathway  significantly resisting floodwater, redirects
to prevent overflow. floodwater, and preventing overtopping.
A trench-shaped depression located Moats fur}ction as a water retention str.ucture,
. ) reducing flow momentum, enhancing
Moat downstream or adjacent to a dike that € . .o C
. . hydraulic jump formation, and dissipating
temporarily stores or diverts floodwater.
floodwater energy.
Natural or planted vecetative elements Increases flow resistance, induces turbulence
Vegetation P & and wake formation, and further contributes

positioned downstream of structural defenses.

to energy dissipation and flow attenuation.
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Figure 1. Detail of hybrid defense system comprising dike, moat, and vegetation and data collection
integrated in this study using different parameters, including energy dissipation, flow, vegetation, and
roughness conditions (a) definition of hybrid defense system consisting dike, moat, and vegetation
(b) flowchart of methodology adopted in this study depicting data collection, relationship between
Fr, Ke, G/d, Ah/ho, and energy dissipation, data splitting, and evaluation of different models.

2.2. Laboratory Setup and Physical Modeling

The data points collected from the experimental setup align with the approach of the
laboratory setting adopted in the literature. For conducting the experimental phase, all
experiments were conducted in an open channel operating electronically with a length
of 10 m, a width of 0.31 m, and a height of 0.5 m. The channel used in this research has
a flowmeter and a flow speed controller at the inlet section. A flowmeter was used to
measure flow velocity/discharge supplied, while a flow speed controller was used to
control the inlet flow supply toward the body of the channel. The laboratory channel
used in this study was divided into three different sections, including the inlet, testing,
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and outlet. The inlet section supplied flow discharge into the body of the channel for
testing, and the outlet section was used to calculate energy dissipation through the hybrid
defense system under different conditions. In the testing section, a hybrid defense system
was placed at 4 m. The outlet section was used to supply water from the body of the
channel to a storage tank installed at the end of the channel. The channel operated under a
recirculation system, where water entered through the inlet section and exited through the
outlet section. This cycle was repeated for analyzing the influence of the hybrid defense
system on floodwater energy dissipation. A point gauge was used to measure the water
surface profile in a channel to calculate energy dissipation under diverse flow conditions.
The hybrid defense system comprising dike, moat, and vegetation was adopted from the
scaling used by previous literature (used for data collection) and the real-world scenario of
structural measures for flood risk management in Pakistan.

For physical modeling of the dike, moat, and vegetation, a concept of hydraulic
similitude (geometric and Froude similarity) was used. For replicating the dike and
moat in a controlled laboratory setting, an existing condition of embankment located on
the Indus River was considered. The existing embankment located on the Indus River
has a height range between 4 and 7 m, and a similar trend was adopted in previous
studies [17]. For replicating the existing embankment of the Indus River in a labora-
tory setting, a scale of 1:100 was used. Therefore, considering the scaling criteria used,
the dike model replicated in this study has a height of 6 cm (0.06 m), bottom width of
40 cm, and top width of 4.5 cm. In contrast, a moat represents an inverted shape of the
dike; thus, a similar dimension was considered for replicating the physical model of the
moat. Furthermore, for replicating the vegetation model in the laboratory setting, an Euca-
lyptus tree of diameter and height equal to 0.11-0.33 m and 7.6-14.6 m, respectively. The
Eucalyptus tree was considered because of its greater water absorption capability. Prior
studies reported three types of vegetation based on the density (G/d, where G: spacing
between two consecutive vegetation cylinders and d: diameter of the vegetation cylin-
der), namely, dense, intermediate, and sparse vegetation [64]. However, in the real-world
scenario, it is difficult to utilize dense or intermediate conditions; thus, prior studies rec-
ommended the utilization of sparse vegetation. Thus, considering these limitations, the
experimental phase conducted in this study selected a sparse vegetation configuration
with a vegetation cylinder of diameter = 0.003 m. Once a component of the hybrid defense
system was selected, the flow condition was considered from the historical flood events
reported in Pakistan. The data series of the flood event was obtained from the published
report of the Federal Flood Commission (FFC) Pakistan by visiting their official website
(https:/ /ftfc.gov.pk (accessed on 23 October 2025)). Prior studies and a report published
by FFC reported that historical flood events have a Froude number ranging between 0.17
and 3.1. Therefore, in the experimental phase, a concept of the Froude similarity was used
to select the values of the Froude number tested. In the present research, the condition
selected in the experimental phase was conducted by considering the above limitations
and those reported in the literature, from which data points have been collected.

For selecting roughness conditions of the dike and moat, in this study, bed roughness
of the Indus River and those reported in the literature have been examined. A study
conducted by Cornwell and Hamid-Ullah [65] reported that the Indus River has varying
bed roughness conditions with boulder size ranging between 0.5 and 4.3 m, depending
upon the width of the Indus River. Thus, for selecting bed roughness in a controlled
laboratory setting, a scale of 1:100 was used to select the roughness condition of the dike
and moat using the concept of geometric similarity. Based on the geometrical similarity,
roughness conditions of 7.22, 14.32, and 24.47 mm were selected on the body of the dike
and moat, and a similar approach was adopted in previous studies [66,67]. The roughness
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was induced on the body of the dike and moat using a layer of hot bitumen. This was
performed to ensure capturing real scenarios of flow—structure interaction. Further, the
roughness was induced at both ends (upstream and downstream) of the dike and moat to
avoid the incident of the generation of a jet within the body of a moat.

In this study, the energy dissipation phenomenon was calculated through a hybrid
defense system of varying roughness and flow conditions. For calculating the energy
dissipation phenomenon, a total specific energy was calculated at the upstream and down-
stream ends of the hybrid defense system. A total specific energy was calculated using

Equation (1).
VZ
E=z+h+ ocg (1)
where in Equation (1), E: total specific energy, z: elevation of the channel bed, h: water
depth, V: flow velocity, g: acceleration due to gravity, and «: velocity coefficient. After
calculating total specific energy on the upstream and downstream ends of the hybrid
defense system, the following Equation (2) was used to calculate energy dissipation.

)

AE
E,

x 100 (2)
In Equation (2), Eq: total specific energy on the upstream end, E;: total specific energy
on the downstream end, and AE: energy dissipation of floodwater.

2.3. Data Collection

In this study, a data series was collected in two different phases, i.e., the literature and
experimentation. In the first phase, a data series of flow regimes, roughness, and vegetation
conditions was collected from the recently published work. There were 136 data points,
including 80 that were gathered from the published work of Ahmed & Ghumman [17] and
Murtaza et al. [18]. Within the data collected, the following parameters were considered:
relative backwater rise (Ah/ho), Froude’s number (Fr), roughness conditions (Ke), and
vegetation density (G/d) as active or input parameters, while energy dissipation (AE)
was an output parameter. For backwater rise and Froude’s number, a data series of both
subcritical and supercritical flow conditions was considered to develop a robust framework
under diverse flood conditions. Similarly, for vegetation density, two different types of
densities were considered, reported by the literature from which the data points have been
collected. The two types of vegetation densities include sparse and intermediate vegetation,
which have been tested in combination with the dike and moat. In the second phase,
experiments were performed in a controlled laboratory setting using a hybrid defense
system to calculate the energy dissipation of floodwater. The experiments were performed
in accordance with the methodological constraints and parameter ranges reported in the
previous literature used for data collection. The range of the Froude number was selected
considering the limitation of the Froude number adopted by the previous studies [17,18]
based on the real-world scenarios of Pakistan. Based on the flow, roughness, and vegetation
conditions, a total of 56 experiments were performed in a controlled laboratory setting. By
combining the data series of the published work and experiments performed, AI models
were developed in this study. The reliability of the data series was tested by performing
descriptive statistics (see Section 2.4). Once the data series was compiled from both phases,
four different Al models were tested, namely RF, ANN-PSO, SVR-PSO, and XGBoost-PSO.
For developing Al models, 136 data points were split into three different phases: training,
testing, and validation. A data series of 70% was assigned for training, 15% for testing,
and 15% for the validation phase of each model. Considering this data splitting, out of
136 data points, 95 points were assigned to training, 41 points to testing/validation phases
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of the model. However, the description of each model is explained in the subsequent
section. Figure 1b depicts the flowchart of the methodology adopted in this study.

2.4. Descriptive Statistics

Previously published research was a source to acquire 136 data points where experi-
ments were conducted for various input parameters like Fr, Ke, G/d, and Ah/ho, while
(AE) was set as the output parameter. Statistics of each input and output parameter are
reported to understand the reliability of the data series. The range of the Froude number
demonstrates a moderate variation in flow regimes, with mean and standard deviation
values of 1.01 and 0.49. In the case of vegetation density, a smaller value of standard
deviation (0.377) and a mean value of 1.969 demonstrate a narrow distribution where most
of the values are around 2.13. Further, in the case of relative backwater rise, the mean
and standard deviation values of 1.61 and 1.00, respectively, indicate a wider distribution
ranging from 0.13 to 3.26. The result of descriptive statistics shows a higher variability in
the relative backwater rise. Similarly, the mean and standard deviation values of roughness
condition were 4.74 and 8.13 (Table 4), demonstrating a higher difference in the defense
system resistance conditions. In the case of energy dissipation, the mean value of 48.48
and the standard deviation of 15.02 indicate a clear difference in the energy dissipation of
floodwater across diverse scenarios of flow regimes, vegetation conditions, and roughness
data collected from literature and experimentation. However, the total range of energy
dissipation was between 13.30 and 81.64 (Table 4). Energy dissipation of the floodwater
falls between 36.48 and 59.25 in the case of quartile analysis, demonstrating the central
tendency of the data series. The findings from the descriptive statistics provide a critical
insight into the parametric analysis of input and output variables for investigating the
effectiveness of the hybrid defense system in flood risk management.

Table 4. Statistical description of input/output variables used in this research.

Fr G/d Ah/ho Ke AE

Count 136 136 136 136 136
Mean 1.007 1.969 1.606 4.738 48.479
Std 0.492 0.377 1.003 8.134 15.021
Min 0.360 1.090 0.128 0.000 13.300
25% 0.520 2.130 0.514 0.002 36.479
50% 1.100 2.130 1.933 0.002 50.237
75% 1.560 2.130 2.505 7.220 59.249
Max 1.720 2.130 3.258 24.470 81.641

2.5. Artificial Intelligence Techniques
2.5.1. Artificial Neural Network (ANN) with Particle Swarm Optimization (PSO)

Artificial neural networks (ANNSs) are an advanced architecture of Al working under
a similar mechanism to the human brain, where signals are passed from the input to the
output layer with the help of a hidden layer. However, the ANN model often faces the
problem of overfitting, which needs to be addressed. Therefore, in the current research,
the issue of overfitting was avoided by the utilization of an optimizer like PSO to model
the nonlinear relation between flow, roughness, and vegetation conditions and energy
dissipation of floodwater.

Previous research reported that ANNs work in a similar way to the human brain
by simulating signals through input, hidden, and output layers [28,68]. The architecture
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of the ANN model developed in this study comprises two hidden layers with epochs
and learning rate as summarized in Table 5. However, conventional ANN models find it
difficult to provide a precise prediction of the hydrodynamics phenomenon. Therefore, to
optimize the predictive capability of the conventional ANN model, PSO was employed
in combination with the ANN model. PSO, inspired by the flocking behavior of birds,
optimizes ANN weights and biases to minimize prediction error. PSO has been employed
with 10 particles, 10 iterations, and parameters were c1 = 0.5, c2 = 0.3, and inertia weight
w = 0.9. After identifying the best solution, the final ANN was trained on Adam as the
optimizer and as well as the mean squared error. Using PSO, the ANN was provided with
the advantage of both robustness and adaptability and has proven to be useful in modeling
nonlinear and complex relationships within hydrodynamic processes. Furthermore, PSO is
considered a population-based global optimizer that helps in reducing local minima and
is greatly recommended for the optimization of ANN, SVR, and other AI models under
nonlinear hydraulic applications, as studied by [69,70]. In the present research paper, the
architecture of the ANN model was fixed before the training phase, and PSO was utilized for
hyperparameter optimization, including weight initialization seeds, learning rate, and other
parameters. Therefore, in this study, PSO was used to improve the convergence of the model
and stabilize the predictive capability of the ANN model. Therefore, these advantages
of the PSO in comparison to the Adam optimizer, in this study, PSO-based optimization
was utilized to enhance the predictive capability of the tested model for different scenarios
of flood risk management. Moreover, the complex and nonlinear hydraulic interaction
without an issue of overfitting, prior studies reported that the ANN model with more
than one hidden layer provides robust results under medium data points [71,72]. In this
study, a two-hidden-layer ANN model was selected to understand the complex hydraulic
phenomenon and the balance between model generalization.

Table 5. Model configurations and PSO-tuned hyperparameters used in this study.

Key Hyperparameters (Final/Selected by

Model PSO (Particles, Iterations, c1, c2, w) PSO)
. . . B _ Architecture: 2 hidden layers
ANN-PSO 10 particles, 10 1te$;1’2051 S’ c1=05c2=03, (10, 5 neurons). Activation: ReLU.
e Optimizer: Adam. Learning rate: 0.001.
SVR-PSO 10,10, ¢l = 0.5, 2 = 0.3, w = 0.9 Kernel: RBE. C = 100. ¢ = 0.01. y = scale.

(C, ¢, v selected by PSO)

XGBoost-PSO

learning_rate = 0.1, max_depth = 3;
10,10,¢1=05,c2=0.3,w =09 n_estimators = 100; subsample = 0.8;
colsample_bytree = 0.8 (selected by PSO)

Random Forest (RF)

n_estimators = 200; criterion = default;

n/a (baseline; no PSO) other defaults in scikit-learn unless stated.

2.5.2. Support Vector Regression (SVR) with PSO

Support Vector Regression (SVR) is a machine learning-based regression algorithm
utilized for performing a task that allows error margins up to certain limits by best fitting
the data series. However, a standard SVR model struggles in prediction through a large
data series of high complexity and noise. This model also needs careful consideration
of parameter tuning and may be expensive in computation to train a large data series.
Therefore, in this study, a hybrid SVR-PSO model was developed by mapping a relationship
between input and output parameters as summarized in Table 5. For this purpose, to
develop an SVR model with a radial basis function (RBF) kernel was utilized because of its
significance in capturing the complex dependency of the output variable on input variables.
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The optimization of key hyperparameters such as the regularization parameter (C), epsilon
(epsilon), and the kernel coefficient (gamma) was achieved using PSO. C between 0.1 and
1000, epsilon between 0.01 and 0.1, and gamma between 0.01 and 1 were defined as the
search space. A potential set of parameters was encoded into each particle, and its fitness
was measured by training the SVR model on the training set and computing the test MSE.
The swarm size was 10 particles, and its iterations were 10, ¢1 = 0.5, c2 =0.3,and w = 0.9 in
balancing exploration and exploitation. Upon receiving optimal parameters, the final SVR
model was trained and tested in groundwork on train, test, and validation partitions. The
model performance was evaluated in terms of R?> and MSE.

2.5.3. Extreme Gradient Boosting (XGBoost) with PSO

The XGBoost model often faces the issue of nonlinear and inefficient hyperparameters
tuning, which need to be addressed. Therefore, this paper utilized a PSO optimizer in
combination with an XGBoost model to obtain the advantage of an ensemble learning
algorithm in the prediction of energy dissipation. XGBoost uses sequential trees, and
hence it reduces both bias and variance. Three important hyperparameters, including the
maximum depth of the tree, the learning rate, and the number of estimators, were tuned
through PSO. The specified ranges were max_depth [2, 10], learning_rate [0.01, 0.3], and
n_estimators [50, 300]. The PSO particles were configured, and fitness would be calculated
as test MSE. In the swarm optimization, 10 particles and 10 iterations were utilized, consid-
ering the parameters c1 = 0.5, c2 = 0.3, and w = 0.9. Optimal hyperparameters were then
considered to train the final XGBoost model, and the performance of the model was tested
on training, testing, and validation sets in terms of R* and MSE. The nature of regulariza-
tion, subsampling, and shrinkage allowed XGBoost to be robust to overfitting, whereas
the determination of hyperparameter values was automated and efficiently performed by
PSO. This hybrid technique was used to search systematically through parameter space,
in contrast to a complex trial-and-error grid search. Consequently, XGBoost-PSO could
offer effective predictive performance and explainability, which makes it an efficient solu-
tion in constructing nonlinear hydrodynamic relations and one of the best methodologies
conducted in this study.

2.5.4. Random Forest (RF)

An ensemble-based model, Random Forest (RF), was used to display the model as a
baseline to compare with the models optimized using the PSO algorithm. RF constructs
numerous decision trees based on bootstrap samples of the training data and uses ensemble
averaging to reduce overfitting and variance as compared with a single decision tree.
In this research paper, RandomForestRegressor used 200 estimators (trees), and other
parameters were set by default. The training was performed on 70 percent of the data, with
15 percent used to test the model and another 15 percent used to validate the model. The
prediction results on every split of the whole dataset were compared, and the measures
of the results were performance using R?> and mean squared error (MSE). RF produced
consistent predictions because ensemble averaging overcame the impact of noise and
data variability. RF has shown an adequate baseline performance with relatively low
computational cost and quick training durations, although it was not tuned by applying the
metaheuristic optimization tool, such as PSO-driven models. It had the primary drawback
of low flexibility in terms of capturing highly complex nonlinearities as compared to SVR-
PSO, ANN-PSO, and XGBoost-PSO. Nevertheless, RF has provided a competent benchmark
model that is interpretable, efficient, and has predictive power compared to PSO-based
optimization models.
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2.6. Optimization and Step-by-Step Procedure of AI Models

For enhancing predictive capability and reducing hyperparameter tuning, in this
study, Particle Swarm Optimization was used to optimize different Al models (ANN, SVR,
and XGBoost) tested in the study. For the optimization of the ANN, SVR, and XGBoost
models, the PSO-based optimizer used is as follows: particles = 10, number iterations = 10,
c1=0.5,¢c2=0.3, and w = 0.9. However, the optimization approach used in this study for
each model has the following step-by-step procedure.

ANN-PSO

e Initialize PSO swarms where each particle encodes ANN hyperparameters and/or
initial weight seeds.

e  For each particle, construct an ANN with the particle’s hyperparameters and initialize
weights accordingly.

e  Train the ANN on the training subset using the Adam optimizer and compute valida-
tion loss (MSE).

o Update each particle’s personal best and the global best according to validation
of MSE.

e  Update particle velocities and positions using PSO update rules (c1, c2, and w).

e  Repeat for the specified number of iterations and select the ANN corresponding to the
global best particle.

e  Retrain the selected ANN on combined training + validation and evaluate the test set.

SVR-PSO

e Encode SVR hyperparameters (C, ¢, v, or kernel choices) into PSO particles.

e  For each particle, train SVR (RBF kernel) on the training set and compute the validation
of MSE.

e  Update personal/global bests and particle velocities/positions using PSO.

e  After convergence, select the best hyperparameter set and retrain SVR on combined
training + validation; evaluate on test set.

XGBoost-PSO

e Encode XGBoost hyperparameters (learning_rate, max_depth, n_estimators, subsam-
ple, colsample_bytree) into particles.

e  For each particle, train XGBoost and record the validation of MSE.

e  Update PSO bests and particle states; iterate until termination.

e  Select the best hyperparameters from the global best, retrain the final model on
combined training + validation, and evaluate.

3. Results and Discussion
3.1. Correlation Heatmap

In the context of flood risk management, a correlation heatmap is an effective frame-
work because of its capability to show the relationship between different input parameters
contributing to floodwater energy dissipation. This map helps in allowing a precise predic-
tion of flood risk by knowing the strong correlation of key parameters influencing flood
events. Thus, a systematic framework for flood risk management can be proposed concern-
ing key drivers. Figure 2 depicts the result of a correlation heatmap plotted to understand
the response of the output variable with the input variables utilized in this study. The map
plotted in this paper shows different colors, which indicate the relationship of each input
parameter with floodwater energy dissipation. In this section, the relationship of each input
parameter with floodwater energy dissipation is separately explained. Out of the tested
input parameters, roughness conditions (Ke) indicate a strong positive correlation with
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energy dissipation of floodwater, with an R-value of 0.61. The findings indicate a significant
contribution of the roughness conditions in mitigating flood risk by reducing the energy
carried by the floodwater. As a result of greater roughness conditions, turbulence generated
is intensified by improving floodwater energy dissipation and attenuation, aligning with
the findings of [73-75]. The roughness conditions of the defense system indicate greater
frictional resistance of structural and natural barriers to the flowing water, demonstrating
its effectiveness in flood risk management.

Correlation Heatmap

Fr

G/d - - 0.6
- 0.4

Ahtho
- 0.2

AE

& (56 ° @ ¥

¥
Figure 2. Visual direction and strength of relationship between input (Fr: Froude number, G/d:
vegetation density, Ke: roughness, and Ah/ho: relative backwater rise) and output (AE: energy
dissipation) parameters using correlation heatmap.

The vegetation density (G/d) is positively related to floodwater energy dissipation
with an R-value of 0.17. Although the correlation is moderate, there is an indication that
vegetation provides some contribution towards localized flow resistance and the generation
of turbulence, which contributes to an increase in energy loss to some extent. Similarly, [76]
reported close observations showing that vegetation-induced drag contributes to energy
dissipation of flows, especially at moderate density conditions. However, in this paper, a
data series of vegetation density collected from the literature and experimentation mainly
comprises sparse and intermediate vegetation, which provides smaller resistance to the
flow compared to dense vegetation. There is also a very weak positive relation between
the relative backwater rise (Ah/ho) and AE (an R = 0.21). It implies that backwater effects
are a measure of hydraulic adaptations in the channel, not considered to contribute signifi-
cantly to energy dissipation. In addition, roughness and vegetation, Ah/ho could increase
losses in energy, as Iqbal et al. [77] emphasized the interactive effect of variations in flow
depth and drag induced by vegetation. Interestingly, Fr shows a negative correlation with
AE (R = —0.34), which states that greater intensities of flows can decrease the performance
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of energy dissipation. This may be explained by the flow bypass phenomena and the corre-
sponding smaller influence of roughness factors under high-velocity conditions. Therefore,
it is necessary to optimize the flood defense system considering the contribution of the
input parameters utilized in this study.

3.2. Direct and Indirect Relationship Between Parameters

The distribution of direct and indirect relationships of input variables, including Fr,
G/d, Ah/ho, and Ke, with the floodwater energy dissipation is depicted in Figure 3. The
study uses the distribution histogram to analyze the influence of specific input parameters
on floodwater energy dissipation, and therefore does not account for directional interactions
between these parameters. In this context, the direct effect refers to the influence of a single
parameter, while the indirect effect describes the combined influence of multiple parameters.
A histogram of the findings is presented in Figure 3 to understand the associations between
input and output parameters, concerning frequency, representing the impact on floodwater
energy dissipation. The Froude number distribution visualized in Figure 3 depicts two
different trends: a greater value of frequency was observed in the range of Fr = 0.4 to 0.6. At
higher Fr values (1.4 to 1.6), indicating flow regimes ranged from subcritical to supercritical
flow conditions, the effectiveness of the hybrid defense system in dissipating floodwater
energy was reduced. Such a bimodal distribution indicates the variability of flow regimes
reflected in the dataset. Regarding vegetation density, in this study, two types of densities
(sparse and intermediate) were selected to assess their influence on the energy dissipation
of floodwater.

Distribution of Fr Distribution of G/d
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2 2
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Figure 3. Distribution histograms of the direct and indirect influence of inputs (Fr, G/d, Ke, and
Ah/ho) on outputs (AE) parameters collected from the literature review and experimental setting for
different Al models.

The result demonstrates that in the case of sparse vegetation, a limited drag and wake
turbulence is generated, resulting in lower energy dissipation of the floodwater. How-
ever, in the case of intermediate vegetation, the spacing between vegetation elements is
close to one another, resulting in the generation of intense wake interaction and vortex
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shedding, which further improves the turbulence, signifying energy dissipation more effec-
tively. Further, it can be seen in the surface roughness (Ke) distribution that most values
are concentrated around zero, and only a few results go to higher roughness values (up
to 25). This is an asymmetric dispersion that reveals that smooth or moderately rough con-
ditions are the predominant conditions, with highly rough scenarios being less prevalent.
Relative backwater rise has a broader distribution with maxima at 0.5 and 2.5, corre-
sponding to a considerable variety in the hydraulic behavior related to different flow and
structure conditions.

These distributions demonstrate that vegetation density and roughness are the major
factors that determine the results of energy dissipation. Highest values of G/d, indicating
the clear importance of vegetative resistance in flow regulation, which is consistent with [78§],
who pointed out drag and the generation of turbulence by different configurations of
vegetation. Similarly, the Ke values imply that minimal and moderate roughness may
contribute to the turbulence and energy loss to a great extent, in line with Zhang et al. [79].
Bimodal distribution of Fr substantiates that variable flow regimes have a direct impact on
backwater effects and on turbulence. The distribution of Ah/ho shows that the hydraulic
response is not homogeneous, thus proving again the necessity of hybrid defenses to
have the benefits of both vegetation and roughness factors. These results confirm that
artificial intelligence models have promised to identify nonlinear trends and optimize the
strategies of dealing with flood risks by taking into consideration various interactions
between parameters.

3.3. Pairwise Scatter Plot

The hydrodynamic interactions between flood and hybrid defense system-related
variables are visualized by a scatter pair plot, as shown in Figure 4. In this section, a
detailed assessment of this relationship is explained. A relationship between Fr and AE
demonstrates that intense flow conditions minimize the effectiveness of hybrid defense
to reduce floodwater energy dissipation. At higher values of Fr, the impact of the hybrid
defense system on floodwater is reduced by the dominant flow momentum. Hydrody-
namically, this is attributed to the bypassing of vortical structures and minimization of the
exchange of energy with boundary elements to resulting reduced amount of turbulence-
induced dissipation [80,81]. The weak scatter relationship of vegetation density (G/d) with
AE depicted in the scatter pair plot indicates a lower influence of the G/d on floodwater
energy dissipation. This may be due to the selected vegetation conditions, i.e., sparse and
intermediate arrangement, which provides lower resistance to the flow compared to a
dense arrangement of the vegetation. However, the sparse and intermediate vegetation
arrangement also dissipates floodwater energy by the impact of drag, localized turbulence,
and formation of a wake, improving the energy dissipation capability of the vegetation.
The non-linear distribution, however, is representative of the multidimensional interactions
that include vegetation density and reorganization of flow. At low to moderate G/d, there
is increased turbulence due to wake interactions, vortex shedding, and greater density can
lead to flow channelization; hence, there is less energy dissipation.
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Figure 4. Pairwise relationships among studied parameters indicate the linear and nonlinear rela-
tionship between pairs of (input-input and input-output) parameters, including Fr: Froude number,
G/d: vegetation density, Ke: roughness, Ah/ho: roughness, and AE: energy dissipation.

Compared to Fr and G/d, the roughness conditions (Ke) have the strongest correlation
with floodwater energy dissipation. A greater roughness condition of the defense system
improves the creation of vortex, momentum diffusion, and boundary shear stress, as these
factors increase turbulence intensity of flow and energy dissipation. Hydrodynamically,
rough surfaces disrupt boundary layers, generate secondary currents, and enhance eddy
formation, thus leading to great loss of energy. Further, the relative backwater rise has a
weak positive relation with floodwater energy dissipation, demonstrating the capability
of the hybrid defense system in water storage and promotion of hydraulic adjustment.
However, the role of relative backwater rise is limited in understanding direct turbulence
generation. Additionally. Kumar and Sharma [82] reported that greater turbulence was
generated by the depth-induced drag interaction with a defense system of roughness and
vegetation. Flood risk management can be improved with the combination of hydrody-
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Relationship between Fr and AE

namic studies and Al-based models; in this way, the nonlinear dependencies between the
flow intensity, vegetation, surface roughness of dike and moat, and backwater effects will
be better characterized. Optimized hybrid defense systems using Al have the potential to
take advantage of turbulence generation and momentum exchanges to maximize energy
dissipation and resiliency to extreme floods.

3.4. HEC-Contour Map

The spatial interaction among inputs (Fr, Ke, G/d, and Ah/ho) and the output vari-
able (AE) is obvious from Figure 5. In this section, a detailed assessment of each input
parameter is evaluated sequence-wise for a clear understanding of their influence on the
energy dissipation of floodwater. The result demonstrates a significant impact of the Fr
on the energy dissipation of floodwater. This shows that flow dynamics are significantly
influenced by intense flow velocity, resulting in higher energy dissipation of floodwater,
which aligns with the result of a previous study [64]. A previous study conducted by
Pasha and Tanaka [83] reported that vegetation density has a significant influence on the
floodwater energy dissipation because resistance to the flowing water in an open channel.
In this study, the plot of the HEC contour map indicates considerable influence on mitigat-
ing floodwater energy. The findings of the current study align with work conducted by
Elbagoury et al. [84], who reported that vegetation significantly altered flow by resisting the
floodwater movement, thus increasing the energy dissipation phenomenon. The correlation
between the energy dissipation with the upstream water level indicates that with a greater
water level on the upstream, the energy dissipation tends to increase more. The trend is
consistent with the observations of Dykstra and Dzwonkowski [85], who noted that high
backwater rise by the defense system leads to considerable slowing down of the floodwater
velocity, thus leading to a significant increase in field energy dissipation.
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Figure 5. HEC-contour map demonstrating a spatial relationship between input (Fr: Froude number,
G/d: vegetation density, Ke: roughness, and Ah/ho: relative backwater rise) and output (AE: energy
dissipation) parameters.
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Roughness of the defense system plays a critical role in influencing floodwater energy
dissipation. The higher values of the defense system roughness resulted in greater energy
dissipation of floodwater. The roughness parameter in the model represents the case in
the real world where rough surfaces decrease flood velocity and result in increased energy
dissipation. The analysis provides insight into the need to have a hybrid defense system
incorporated into flood risk management systems, including dikes, moats, and vegetation.
The HEC-contour map gives a clear graphical representation on the way these parameters
interact to influence the optimum design of the hybrid defense systems that can be made
both environmentally sustainable and structurally friendly.

3.5. 5-Fold Cross Validation

In this study, for predicting floodwater energy dissipation, a detailed analysis of the
optimizing model parameters through a five-fold cross-validation technique was performed
utilizing four different ensembled learning models, demonstrating limitations and robust-
ness of each model, as shown in Figure 6a,b. Among the tested models, RF demonstrated
significant predictive performance with R? and RMSE values ranging from 0.89 to 0.97 and
0.10 to 0.23, respectively. The high R? and low RMSE suggest that the model effectively
captures nonlinear hydraulic interaction while reducing overfitting through ensemble
averaging. Such performance indicates the ability of the RF model to capture nonlinear
hydraulic processes and reduce overfitting through ensemble averaging. XGBoost-PSO
was also competitive with the highest single-fold accuracy (R? = 0.95) but with greater
variability in RMSE (0.277-0.849), which suggests that it is sensitive to data partitioning.
The high RMSE values of some folds indicate that XGBoost-PSO is capable of capturing
complicated patterns of the flows; however, its boosted tree operator might enhance the
error of a fold with slightly different flow patterns or energy dissipation states. In SVR-PSO,
moderate predictive power was found with a range of R? values (0.79 to 0.86), although the
relatively large RMSE (0.38 to 0.90) indicated that it had challenges in capturing nonlinear
interactions of turbulence, velocity, and depth in dissipating energy. Among the tested
models, the ANN-PSO showed comparatively lower performance, whose R? values only
going up to 0.71, and RMSE values remained consistently high (0.82-0.98). This pattern is
likely due to limited data density, as neural networks generally require large datasets for
reliable generalization. A known limitation of ANN models is their reduced performance
when trained on small datasets, which is often the case in hydraulic laboratory experiments
and field measurements.

All the comparative analyses indicate that tree-based ensemble models (RF and
XGBoost-PSO) are more suitable to predict energy dissipation of floodwater because of
their flexibility to nonhomogeneous hydraulic conditions and their capability in predicting
nonlinearities with multiple scales. The results have a great importance in hydraulic engi-
neering, where the correct quantification of energy dissipation is vital in the design of flood
control structures with resistance to erosion. Predictive models can enhance the assessment
of hydrodynamic actions, minimize uncertainties during structure design, and improve the
overall performance of flood-control infrastructure under multiple flow regimes. Moreover,
the strong performance of RF suggests a practical and computationally efficient option for
integrating machine learning into hydraulic design procedures, supporting more resilient
and information-based decision-making in flood risk management.
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Figure 6. Model Optimization through 5-fold cross-validation: (a) coefficient of determination (R?)
and (b) root mean square error (RMSE).

3.6. Evaluation of AI Models

Under this heading, a detailed evaluation of the four different tested models is con-
ducted to understand the predictive capability of each model in flood risk management
using a hybrid defense system, as shown in Figure 7a,b. The evaluation of each Al model
was assessed through the coefficient of determination (R?) and root mean square error
(RMSE). However, in this section, the performance of each model is explained one by one
for a clear understanding. The performance of each model was assessed by considering
R? and RMSE values in the training phase. Out of the four models, the RF outperformed
because of the greater R?> and lower RMSE values of 0.958 and 3.03 (Figure 7a,b). The
result demonstrated 96% of variance in the data series in the training phase of the model.
However, the R? and RMSE values of the RF models drop in the testing and validation
phases to 0.796, 0.788, 6.81, and 6.86. The higher values of R? and RMSE in the training
phase indicate better performance of the RF model compared to the testing and validation
phases. The RF model struggles with unseen data series for generalization, reflected in the
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RMSE values in the testing and validation phases. Despite this, the RF model provides a
good prediction of floodwater energy dissipation across different phases.
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Figure 7. Result of model performance evaluation across different phases, such as training, testing,
and validation: (a) coefficient of determination (R2) and (b) root mean square error (RMSE).

The XGBoost-PSO model has slightly less prediction capability compared to the RF
model, with an R? value of 0.916 in the training phase, demonstrating 91.6% of variance in
the data series. Like the RF model, the R? value of the XGBoost-PSO model drops to 0.783
and 0.765 in the testing and validation phases. Further, the XGBoost-PSO model exhibits
higher values of RMSE in the case training (4.31), testing (7.04), and validation (7.21) phases
(Figure 6a,b). The XGBoost-PSO model performed worse than the RF model in terms of
the R?, and its RMSE scores indicate that the average error is high, particularly during the
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validation process. This makes an XGBoost-PSO a good predictive model, but not as robust
as RF in generalizing new data. The SVR-PSO model has an R? value of 0.847 in training,
which means that it captures 84.7 percent of the variations. Its performance decreases
considerably under testing (0.791) and validation (0.729) conditions, with the lowest R?
in all models. RMSE values also have a higher value in SVR-PSO, beginning with 5.82
in training, followed by 6.90 in testing, and 7.76 in validation. Although its performance
remains high, the SVR-PSO model still has more errors than RF and XGBoost-PSO, which
means it has more difficulty in fitting the data and generalizing their performance to
unseen data points. The ANN-PSO model indicates the lowest R?, which is 0.696 (training),
meaning that it only explains 69.6% of the variance. This performance drops significantly in
testing (0.604) and validation (0.537) sets, thus confirming that the ANN-PSO model should
be generalized. Additional evidence can be found in the RMSEs, which are 8.21 during
the training, 9.49 during testing, and 10.13 during validation. The values of errors are
maximum, which implies low predictive ability of this model, at least on previously unseen
data. Figure 8a—d depicts the predictive capability of the tested AI model in predicting
floodwater energy dissipation.

For developing complex and nonlinear Al models such as ANN-PSO, SVR-PSO,
XGBoost-PSO, and RF with 136 data points, out of which 95 (70%) were used in the
training phase. This distribution of the data points used in the present study can influence
generalizability of the model and promotes the chance of overfitting issue as noticed in
the case of RF model with R? = 0.958 (training phase) drop to R? = 0.79 (testing/validation
phase) indicate that the model has not captured the complete complex and nonlinear
interaction between diverse flow and hybrid defense system. However, to overcome
this issue, the current research attempt has been made to utilize PSO-based optimization
techniques for hyperparameter tuning to reduce the issue of overfitting in the case of other
Al models like ANN, SVR, and XGBoost. Therefore, the present research recommends
the utilization of larger data series in future research to capture a full understanding of
the tested AI models for assessing the effectiveness of the hybrid defense system in flood
risk management. The performance of the Al models for the hybrid defense system in
flood risk management can be improved by the integration of physics-ensembled modeling.
Furthermore, the future may integrate native modeling approaches, such as regression
and decision trees, that perform better under limited data points. Lastly, the present study
recommended that for enhancing the performance of the RF, the model should be optimized
with PSO/Adam for better performance compared to the values achieved in this study.

The data used in the study were obtained from laboratory experiments and published
literature. Although the datasets are diverse, their overall size is relatively small, which lim-
its the generalization of developed models. Nevertheless, advanced ensembled approaches,
including Random Forest and PSO architectures, showed better performance for the hy-
draulic conditions used in this study. These results indicate that the models are effective
for the tested scenarios; however, their application to other flood events should be treated
with caution. This is mainly because the study relies on controlled laboratory datasets that
represent specific roughness, flow regimes, and vegetation conditions characteristic of a
single flood-affected region, namely the Indus River floodplains.

Flood characteristics vary considerably between regions due to differences in soil
properties, vegetation types, configuration, geometrical variation in the channel, sediment
load, and hydrodynamic stress. As a result, models trained on limited experimental con-
ditions may not directly capture the complexity of flood behavior elsewhere. Therefore,
for the broader regional applicability, the models proposed in this study should be trained
and validated using field data such as hydrological, catchment, mountainous rivers, arid
floodplains, urban floodways, deltaic systems, vegetation types and configurations, and
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geometrical variation in the dike and moat. Expanding the dataset in this way would
improve model robustness, transferability, and minimize the risk of overfitting by consider-
ing diverse climatic and geomorphological scenarios. Overall, the combined study of the
hybrid flood defense system and ensembled learning framework demonstrated significant
performance in the reduction in floodwater energy; however, future research should focus
on the large-scale and site-specific data series to enhance its prediction capability for a
wider range of flood-prone regions.
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Figure 8. Model validation scatter plots of predicted values in the training and testing phases of the
various models: (a) RF, (b) XGBoost-PSO, (c) SVR-PSO, and (d) ANN-PSO.

Numerous works have discussed the effectiveness of the Random Forest model in
prediction applications, especially in the way it deals with non-linear data with great
accuracy [86]. RF has been characterized by resistance to overfitting and is capable of han-
dling large and complex datasets, which is in line with the present findings. The XGBoost
is also a powerful model often recommended due to its computational effectiveness and
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performance, but it may also experience overfitting unless carefully adjusted [87]. SVR has
been extensively applied to regression tasks, although proper tuning of hyperparameters is
usually required. As it occurs in this research, it performed worse in generalization. The
ANN model, being a powerful model, can be set up to either demand much data and special
regularization to avoid the overfitting issue [88]. The results are important in stressing
the significance of the model choice in consideration of the characteristics of the dataset
and the requirements of careful tuning to enhance generalization. Comparatively, the RF
model appears to produce the most impressive results with the highest R? during training
and similarly consistent results in testing and validation. The XGBoost-PSO performs
nearly equally well, except that its RMSEs are slightly higher. The SVR-PSO and ANN-PSO
models are less effective with lower R? and higher RMSE values, which shows that they are
less effective in capturing data variance and are worse at generalization. The findings of
the Al models demonstrated that the RF model has strong predictive capability in assessing
the floodwater energy dissipation capability of the hybrid defense system in flood risk
mitigation under diverse flow, vegetation, and roughness conditions. This was because
of the RF model’s capability of handling the overfitting issue comparatively better than
the ANN-PSO and SVR-PSO on the prediction accuracy and the error levels. Although the
XGBoost-PSO provides competitive results, the corresponding larger RMSE values indicate
that the model might not be as consistent as the RF model.

3.7. SHAP Analysis

SHAP analysis is an emerging technique usually used for understanding the contri-
bution of individual inputs in the prediction of output parameters. In this study, SHAP
analysis was performed to understand the effectiveness of driving parameters in flood
risk management. By the utilization of the SHAP analysis values to input parameters
like Froude number, vegetation density, relative backwater rise, and roughness of defense
system, the analysis signifies the contribution of these input parameters in the flood risk
management. In this study, the SHAP analysis performed for four different tested Al
models is depicted in Figure 9a—d. In the SHAP analysis plot for the RF model, roughness
conditions of the defense system have a significant influence on floodwater energy dis-
sipation, with SHAP values ranging from —13 to 20. However, the SHAP value ranged
from —15 to 15, which decreased in the case of relative backwater rise. This indicates that
roughness conditions are critical parameters influencing flood risk management compared
to relative backwater rise. Further, in the case of Fr and G/d, the SHAP values reduced sig-
nificantly compared to roughness and relative backwater rise. The SHAP ranges observed
for Fr and G/d in the case of the RF model are —8 to 12 and —2 to 1, respectively.

Moreover, in the case of the XGBoost-PSO, the SHAP analysis shows the dominating
influence of the roughness variation on floodwater energy dissipation. The SHAP analysis
demonstrated a greater positive value of 15 for roughness conditions, which reduced to
13 in the case of relative backwater rise. However, the feature value of the SHAP analysis
ranged up to 12, in the case of the Froude number, and 1.5 for vegetation density. The result
of the XGBoost-PSO followed a similar trend that was observed for RF models with lower
feature values, as shown in Figure 8a,b. Following RF and XGBoost-PSO models, it was
observed that the relative backwater rise has a greater impact on the floodwater energy
dissipation in the case of SVR-PSO with a feature value of 23. Further, for Froude number,
roughness, and vegetation density, the feature value of the SHAP analysis reduced up to
22,10, and 3, respectively. Lastly, the result of the SHAP analysis, in the case of the ANN-
PSO model, demonstrated a significant contribution of the Froude number in dissipating
floodwater energy, with feature values ranging from —20 to 20. This value ranged from
—17 to 21, which was reduced in the case of a relative backwater rise. The feature values
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reported in the SHAP analysis for roughness and vegetation conditions ranged from —2 to
6 and —5 to 1, respectively. The SHAP analysis results indicate that the effects of the input
parameters on the output in the different models are different. Roughness exhibits the
maximum effect in the RF and XGBoost-PSO models. It aligns with the literature, implying
that the parameter of roughness is one of the important parameters affecting the energy
dissipation within river channels since it directly affects the resistance to flow [89].
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Figure 9. Result of SHAP analysis for different Al models, indicating influence of input (Fr: Froude
number, G/d: vegetation density, Ke: roughness, and Ah/ho: relative backwater rise) and output
(AE: energy dissipation) parameters: (a) RF, (b) XGBoost-PSO, (c) SVR-PSO, and (d) ANN-PSO.

The SHAP analysis conducted in this study provides a critical bridge between hy-
draulic phenomena, such as floodwater energy dissipation by a hybrid flood defense system
and ensemble learning-based prediction. A detailed analysis of the SHAP values reported
for various models demonstrates a significant contribution of the roughness, indicating that
surface irregularity of the dike and moat within the hybrid flood defense system improves
energy dissipation. The result from the SHAP analysis aligns with the intensity of stress
developed, turbulence generation, and secondary circulation through the rough dike and
surface of the moat. The roughness induced on the body of the dike and moat enhances
diffusion of momentum by promoting kinetic energy dissipation. Furthermore, the vegeta-
tion considered in this study demonstrates a nonlinear contribution pattern with moderate
SHAP values. Higher vegetation density (intermediate) results in enhanced SHAP values
by the combined influence of stem-generated drag, vortex shedding, and wake interactions,
causing the mixing of turbulence. In contrast, the higher Froude number demonstrated
intense flow conditions, resulting in negative SHAP values. The negative SHAP values
demonstrate physical limitations of the hybrid flood defense system under extreme flow
conditions, where the maximum energy of the floodwater is dissipated through the rough
dike and moat, as well as vegetation predicted by ensembled learning models. The results
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of the SHAP show that a hybrid defense system is most effective at moderate flow inten-
sities when roughness-induced turbulence and vegetation drag are combined. Therefore,
the tested models for predicting energy dissipation through rough dike and moat, along
with vegetation located downstream of the moat, provide significant applicability of an
Al-based framework under limited conditions; however, future studies should explore the
contribution of these models under diverse flow regimes and vegetation conditions.

The relative backwater rise is very influential in the SVR-PSO modeling according
to its central role in floodplain inundation and flow patterns. In the ANN-PSO and RF,
the Froude number Fr also exerts significant relevance, as studies indicate the impact of
the Froude number on the flow regime as well as the channel stability. The lower effect
of vegetation density tends to be consistent across all the models, and this could imply
that although vegetation has those important roles to play, it has less controlling effect in
flood risk modeling relative to the hydrodynamic parameters such as Ke and Ah/ho. This
SHAP analysis offers critical knowledge on the relative relevance of different parameters
to the prediction of flood behaviors. The superiority of roughness conditions in models
implies that the roughness of the defense system should be considered to manage the
flood using suitable vegetation and structural measures. The impact of relative backwater
rise implies that the concept of controlling backwater effects and water levels may be
critical in controlling flood risk. Through the utilization of these results, flood management
organizations can focus on the parameters that have the greatest effect in modeling and
mitigation interventions in their flood-vulnerable regions, thus leading to more effective
interventions in areas vulnerable to floods.

3.8. Violin Plot

Figure 10 depicts the result of a violin plot for predicting floodwater energy dissipation
in comparison to actual energy dissipation using different AI models. The outcome of the
violin plot in Figure 10 compares the predictions of five models, such as XGBoost-PSO,
ANN-PSO, SVR-PSO, RF, and the Actual values. The violin plot suggests that XGBoost-
PSO, the mode of spread of the dataset of predictions, is the narrowest in the middle,
which means that its predictions are relatively consistent with the actual values. ANN-PSO
demonstrates a similar but wider distribution after XGBoost-PSO, indicating a relatively
high consistency in the predictions, yet the variation is a bit higher. SVR-PSO has a broader
distribution of predictions, which means that, although it remains fairly accurate, it is less
predictive in nature than the first two models. RF shows the greatest dispersion, indicating
that the model can capture many variations in data, but the results are much more dispersed.
However, the trend of the model performance based on R? and RMSE shows different
results. Based on the RZ and RMSE values of the models, the result demonstrated that RF
exhibits higher accuracy in predicting floodwater energy dissipation, reducing the error
between predicted and observed energy dissipation effectively compared to the rest of
the models.
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Figure 10. Comparison of the prediction of the four Al models against actual values of energy
dissipation using a violin plot depicting the visualization of data distribution.

The difference between the violin plot and the rest of the evaluation metrics is ex-
plained by the characteristics of each of the methods. The violin plot highlights the distribu-
tion of predicted values, and it prefers a model using closely clustered predictions such as
XG Boost-PSO. In the present research paper, the findings from the violin plot demonstrate
consistent performance in the case of XGBoost-PSO, while being accurate in the case of the
RF model. The consistency reported for the XGBoost-PSO model represents (low-variance
predictions) how closely the value of the predictions was, because of sequentially boosted
trees. Furthermore, the present study reported a narrow distribution, which indicates
higher consistency and lower systematic bias. In contrast, the RF model demonstrated
greater accuracy with a lower value of mean square error and a higher coefficient of de-
termination, resulting in a wider spread. Random Forest takes averages of numerous
independent trees, which minimizes errors in diverse conditions, leading to more accurate
results but with a greater range of predictions. Therefore, XGBoost focuses more on stabil-
ity, whereas RF can obtain more accurate, complex nonlinear patterns. Nevertheless, R?
and RMSE evaluate the fit of the models to the data and error reduction. These metrics
show that RF works better because it captures the complex relationship and describes it in
such a way that generates the results with accurate prediction on average, despite a more
dispersed prediction. Therefore, although XGBoost-PSO provides consistent accuracy, RF
is highly accurate in the complexity of capturing the data and is less prone to errors, and
hence, RF is the best-performing model based on a broader assessment.
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3.9. Statistical Analysis

Statistical analyses like ANOVA and the ¢-test were adopted to confirm the perfor-
mance of various models used in this study. The purpose of the ANOVA test was to
compare four different models utilized in this study, while the t-test compared the best
performance model (RF) evaluated through performance metrics like R> and RMSE, in-
dividually with other models. Previous research reported that statistical analyses like
ANOVA and t-test determine the significance of the model [90,91]; hence, in this study, a
detailed assessment of the RF model in comparison to other models was evaluated through
the p-value. The threshold of p-value for ANOVA and t-test is reported to be less than or
equal to 0.05; otherwise, the model would not be significant. Therefore, the ANOVA and
t-test conducted in this study show different trends of p-values for different Al models, as
shown in Figure 11. In this study, ANOVA and t-tests were applied to evaluate whether
differences in model performance were statistically significant. A p-value of <0.05 was
considered the threshold for statistical significance. The RF model met this criterion, with
p-values of 0.031 (ANOVA) and 0.039 (t-test), indicating that its superior performance is
statistically supported. The XGBoost-PSO model produced p-values close to the significance
threshold (0.047 for ANOVA and 0.045 for t-test), suggesting marginal significance. In
contrast, the SVR-PSO and ANN-PSO models yielded p-values above 0.05, indicating that
their performance differences relative to RF are not statistically significant, even though
they may still show acceptable predictive behavior in practical terms according to the RMSE
and R? values. These results confirm that RF is the only model demonstrating statistically
significant superiority among the four tested methods. The results of the statistical analysis
determined that the Random Forest model has greater predictive power in assessing the
effectiveness of the hybrid defense system for flood risk management. The precise predic-
tion, predictive capability, and performance of the RF model help engineers and planners
to optimize flood mitigation approaches through the combined influence of dike, moat,
and vegetation, resulting in lowering uncertainties and improving flood resilience of the
regions predominantly affected, for enhancing communities and infrastructure protection.

“AT-test ~ [EETIANOVA  ===-P=005

P-Values
(e»]
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ANN-PSO RF SVR-PSO XGBoost-PSO

Al Models

Figure 11. Evaluation of Al models using statistical analysis (ANOVA and ¢-test), considering the
p-value of each model for comparing the results of different AI models studied in this research.

3.10. Taylor’s Diagram

Taylor’s diagram provides a critical insight into the correlation between observed
and predicted models. The purpose of Taylor’s diagram is to assess the effectiveness of
the various simulated models to compare their results in terms of performance, which
aligns with the methodology of this study. In this study, four Al models, namely RF, ANN-
PSO, SVR-PSO, and XGBoost-PSO, were simulated to understand the effectiveness of the
hybrid defense system in flood risk management. Upon comparing various performance
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evaluation criteria, this study indicates the superior performance of the Random Forest (RF)
model in assessing the effectiveness of the hybrid defense system in flood risk management.
However, to confirm this evaluation, the present paper develops a Taylor diagram for
further confirmation of the RF model’s best performance, as shown in Figure 12. For
plotting a Taylor’s diagram, the required parameters are the observed, predicted correlation
coefficient and standard deviation. Therefore, the observed standard deviation value
reported in this study was 14.98, while the predicted standard deviation was determined
against the predicted values of each model used in this study. Upon comparing the result of
the observed and predicted standard deviation, the RF model has a close value of 14.96 and
a correlation coefficient value of 0.98. This result indicates that the RF model also shows the
best performance in Taylor’s diagram. However, the values of the correlation coefficient
and standard deviation in the case of the XGBoost-PSO model were observed to be 0.96
and 13.23, which have slightly lower performance compared to the RF model. Further, in
the case of ANN-PSO and SVR-PSO models, the values of standard deviation drop to 10.14
and 12.24. The correlation coefficient values of the ANN-PSO and SVR-PSO models were
0.88 and 0.93. Upon comparing the results of all models tested in this study, the findings
demonstrated that the RF model has superior performance in the precise prediction of
the effectiveness of the hybrid defense system in flood risk management. Therefore, the
current research recommended that, RF model should be considered for predicting flood
risk management in the case of a hybrid defense system under similar flow, roughness,
and vegetation conditions, while other models should be tested under different scenarios
depending upon the conditions utilized for prediction purposes.
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Figure 12. Result of Taylor’s diagram for assessing the performance of the best model by comparing
the observed and simulated standard deviation of observed and predicted values of the energy
dissipation.
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3.11. Effectiveness in Policy Making

The results of the present research provided a clear implication in establishing policy-
making, especially in the development of adaptive and resilient flood risk control ap-
proaches. The proven efficiency of the hybrid defense systems, i.e., the integration of
dikes, moats, and vegetation, offers scientific support to the move toward the combined
structural and nature-based systems that the planetary frameworks like the EU Floods
Directive and the Sendai Framework on Disaster Risk Reduction have suggested. Other
articles, including [92,93], have highlighted that hybrid or green-gray systems have a better
long-term resilience and lower maintenance needs, thus are better to be implemented in
policies than conventional single-structure defenses. The fact that AI models, and specifi-
cally the RF and XGBoost, can successfully forecast the energy dissipation of floodwater
allows policymakers to shift toward reactive decision-making to their data-driven, antici-
patory planning. This is in line with [94], who emphasized the importance of predictive
analytics and real-time warning in the current policy of flood management. Furthermore,
this ability of machine-learning models to recreate performance across a wide range of
hydraulic conditions enables the policy makers to analyze numerous design cases at no
cost and time, compared to physical modeling. The promptness of climate-change adap-
tation policies requires such analytical adjustability, which [95] identified and reported;
hybrid infrastructures are beneficial in urbanizing and climate-sensitive areas, such as
South Asia, within a short timeframe. The current research will facilitate the creation of
evidence-informed policies through the offer of the evaluation of the benefits of hybrid
defense elements by offering a quantifiable framework that will promote the incorporation
of structural, ecological, and digital solutions. Finally, the results can inform national and
regional governments to focus on hybrid flood defenses and implement Al-based tools for
long-term risk reduction planning.

The findings of this study have direct implications for urban flood management and
disaster risk reduction policies. The proposed hybrid flood defense system, comprising dike,
moat, and vegetation, demonstrated significantly higher floodwater energy dissipation,
supporting their inclusion in urban planning as a hybrid engineering solution or nature-
based solution. Policymakers should adopt zoning regulations with the structural design
of a hybrid flood defense system in rapidly growing cities to preserve adequate space for
the moat and downstream belt of nature-based solutions. The utilization of such a corridor
would act as a buffer zone for vulnerable communities during intense flood scenarios by
mitigating floodwater energy. At the policy level, the inclusion of such a framework into
national flood protection standards can be helpful in a region where engineered drainage
networks are limited or absent to support more uniform implementation. Moreover, local
governments may implement incentive-related policies, e.g., subsidies to restore riparian
vegetation or the green-belt development driven by the community to promote the nature-
based elements of hybrid systems. Besides the above-mentioned recommendation, the
decision-making systems can be enhanced within disaster management departments and
municipal planning by the integration of Al-assisted evaluation. The performance of the
hybrid flood defense system can be rapid and frequently evaluated by the integration
of an Al-assisted framework under future flood events caused by climate change, thus
supporting adaptive and proactive planning of flood risk control.

3.12. Role in Sustainable Flood Risk Management

This study focuses on the utilization of a hybrid defense system comprising dike,
moat, and vegetation and Al-driven models, which support environmentally friendly, cost-
effective, and long-term sustainability of flood risk control. The utilization of the structural
measures, such as dikes, moats, and vegetation, aligns with the priority of worldwide
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approaches towards combining nature-based solutions or gray infrastructures, enhancing
ecological resistance while minimizing dependency on engineered infrastructures of the
flood risk management. Furthermore, the nature-based solution used in this study relied
on locally sourced materials, and advanced Al models provided an efficient alternative to
repeated physical testing or high-cost numerical simulations. The nature-based solution,
especially vegetation used in this study, significantly contributes to the sustainability of
the flood risk management by enhancing riverbank stability, biodiversity, and minimiz-
ing maintenance costs for a longer period, which aligns with the findings of the prior
studies [96-98]. Prior studies reported that the utilization of the hybrid infrastructures
for flood risk management demonstrated greater adaptability under varying hydrological
conditions, thus acting as a sustainable flood risk management compared to a single de-
fense system [19,99]. The utilization of the advanced machine-learning models enhanced
the sustainability of the proposed framework in this study, which provides flow behavior-
and energy dissipation-based predictions without revising laboratory experiments, design
adjustment based on the trial-and-error method, and repeated construction of physical
modeling. Prior studies evaluated the resource-efficient efficiency of the data-driven pre-
diction by authorizing decision-makers [100,101] to assess the performance of the proposed
framework under diverse climate scenarios and multiple configurations of design for
enhancing the sustainability of the flood risk management.

Furthermore, the proposed hybrid defense system utilized in this study minimizes
environmental influence by the integration of nature-based solutions (vegetation) for dissi-
pating floodwater energy, reducing the requirement of constructing concrete-lined channels
or embankment of greater height. The proposed research was tested under subcritical and
supercritical flow conditions, making it adaptable for diverse climate-induced scenarios,
providing sustainable and adaptive regional and urban planning strategies. Therefore, the
integration of multiple structural measures in combination with nature-based solutions
and Al-based predictive modeling makes the proposed framework a sustainable flood risk
management method.

In this study, the tested ensembled learning models, together with their interpreta-
tion using SHAP analysis, provide valuable insight into the effectiveness of the hybrid
flood defense system under varying flow regimes, dike and moat roughness conditions,
and vegetation densities (intermediate and sparse) in dissipating floodwater energy. The
results of the SHAP analysis indicate that increasing vegetation density from sparse to
intermediate enhances wake interactions and drag forces, which in turn enhances flow
retardation and momentum dispersion. Therefore, it would be useful to integrate multi-row
vegetation patches downstream of the moat, which can significantly improve floodwater
energy dissipation during intense flow conditions. Furthermore, optimization of the moat
geometry can be another option to accommodate extreme flood events. Thus, future studies
should examine how variation in moat depth, inlet width, side slopes, and overall geometry
influences energy dissipation, particularly through the formation of a hydraulic jump and
enhanced turbulence mixing before floodwaters reach downstream communities. Opti-
mizing vegetation characteristics and moat geometry can significantly improve floodwater
energy dissipation and enhance the performance of the hybrid flood defense system under
intense flood events.

4. Conclusions

This research investigates the efficacy of a hybrid defense system for flood risk manage-
ment, utilizing advanced artificial intelligence techniques. The study evaluates the system’s
performance under varying roughness conditions, vegetation density, relative backwater
rise, and flow conditions using an artificial neural network (ANN) with Particle Swarm
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Optimization (PSO), Random Forest (RF), Extreme Gradient Boosting (XGBoost) with PSO,
and Support Vector Regression (SVR) with PSO. A dataset of 136 points, comprising 56 from
laboratory experiments and 80 from published literature, was used to train these Al models.
The inputs included vegetation density, roughness, relative backwater rise, and flow condi-
tions, with floodwater energy dissipation as the output parameter. Model performance was
assessed via R2, RMSE, ANOVA, t-test, violin plots, and Taylor’s diagrams. Relationships
between input and output were examined using correlation heatmaps, scatter pair plots,
and HEC-contour maps. The contribution of individual parameters to floodwater energy
dissipation was determined through SHAP (SHapley Additive exPlanations) analysis. The
conclusions of the present research are the following.

e  Upon comparing the results of various Al models, this study concluded that the RF
model outperformed in predicting floodwater energy dissipation across both training
and testing phases with higher R? and lower RMSE values. This was because of the RF
model’s capability in capturing a complex interaction between the input parameter and
floodwater energy dissipation. It can generalize to unseen data phases and, therefore,
is a powerful flood risk prediction tool, which can be incorporated into real-time flood
forecasting systems to enhance flood management.

e  The findings concluded the significant role of the hybrid defense system comprising
dike, moat, and vegetation in mitigating flood risk by dissipating floodwater energy.
This approach of combining different structural measures (dike and moat) and nature-
based solutions (vegetation) promotes flood resilience, where the moat acts as a water
cushion, while vegetation plays a critical role at the downstream side of the dike
and moat by resisting flow velocity, thus reducing flood water intensity. The hybrid
system proved to be an improved type of flood mitigation compared to a single
defense structure and provided an adaptable and more sustainable solution to flood
risk management.

e It was revealed that the vegetation density, surface roughness, and flow condition
had significant effects on the dissipation of energy in floodwater. The density of the
vegetation played a major role in regulating the velocity as well as causing turbu-
lence, which led to energy dissipation. The roughness of the defense system was
also a significant factor, though the greater the roughness, the greater the frictional
resistance and energy dissipation. The flow regime (especially the Froude number)
influenced the performance of the hybrid defense system, as the higher flow velocities
lowered its performance. Such findings highlight the need to have these parameters
optimized in the design of disaster risk management options to effectively respond to
changing conditions.

Although moat, dike, and hybrid systems are establishing flood-control measures,
their performance is highly sensitive to local geometry, flow intensity, sediment behavior,
and structural configuration. The modeling framework created in the paper can be scaled
to forecast future flood risks in various regions by incorporating the trained Al models
along with real-time hydrological forecasting and rainfall datasets obtained through remote
sensing and the regional flow indices. As RF and XGBoost are efficient in capturing
nonlinear relations, they can be utilized to determine the energy dissipation and degree of
flood risks in untested flow situations, variable vegetation cover, and potential effects of
climate change on the flow of floods. This allows the hybrid defense system to be tested
outside the laboratory, useful in forecasting flood-risk regionally and in making informed
decisions in flood-management planning exercises.

The result of the present study signifies the promising demonstration of the hybrid
defense systems tested under optimized ensembled learning models for a sustainable
framework of future flood-risk management. The findings of this study demonstrated that
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integration of data-driven prediction models with structural and nature-based solutions
highlighted their significance in flood risk assessment for policymakers and engineers.
However, this paper utilizes a limited data point, which may influence the model’s general-
izability; thus, this study is limited to a smaller data set. Therefore, future studies should
integrate field data, expand the present experimental setup under diverse hydraulic and
geometrical conditions of the dike and moat, and use a physics-informed framework to
improve adaptability for large-scale data series of flood-management applications.
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