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Abstract: Floods pose a substantial threat to both life and property, with their frequency and
intensity escalating due to climate change. A comprehensive hydrological and hydraulic
modeling approach is essential for understanding flood dynamics and developing effective
future flood risk management strategies. The accuracy of Digital Elevation Models (DEMs)
directly impacts the reliability of hydrologic simulations. This study focuses on evaluating
the efficacy of two DEMs in hydrological modeling, specifically investigating their potential
for daily discharge simulation in the Periyar River Basin, Kerala, India. Recognizing the
limitations of the Hydrologic Engineering Center’s Hydrologic Modeling System (HEC-
HMS) with the available dataset, a novel hybrid model was developed by integrating
HEC-HMS outputs with an Artificial Neural Network (ANN). While precipitation, lagged
precipitation, and lagged discharge served as inputs to the ANN, the hybrid model also
incorporated HEC-HMS simulations as an additional input. The results demonstrated
improved performance of the hybrid model in simulating daily discharge. The Hydrologic
Engineering Center’s River Analysis System (HEC-RAS) was employed to predict flood
inundation areas for both historical and future scenarios in the Aluva region of the Periyar
River Basin, which was severely impacted during the 2018 Kerala floods. By integrating hy-
drological and hydraulic modeling approaches, this study aims to enhance flood prediction
accuracy and contribute to the development of effective flood mitigation strategies.

Keywords: DEM; HEC-HMS-ANN; HEC-RAS; CMIP6; flood inundation mapping

1. Introduction
Floods cause significant loss of life and property. Floods resulting from unintended

discharges of reservoirs—including those from dams, snowmelt, or tidal surges—or floods
primarily triggered by extreme precipitation events represent well-documented impacts
of climate change [1,2]. Throughout the 20th century, severe flood events caused millions
of deaths and substantial economic losses. Between 2000 and 2019, flood-related disasters
affected approximately 1.65 billion people, resulted in around 122,000 fatalities, and caused
an estimated USD 563 billion in economic losses worldwide, as reported by the International
Disaster Database. During this period, 3254 flood events were recorded globally—more
than double the 1389 events reported between 1980 and 1999 [3]. The frequency and
intensity of flooding events are rising in many regions worldwide, largely driven by the
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increasing severity of extreme precipitation under climate change [3–8]. This trend is
further intensified by human-induced factors such as unplanned urban expansion, loss of
vegetation cover, and inadequate drainage systems, all of which contribute to increased
surface runoff and diminished natural infiltration. Projections from climate models indicate
that flood-prone regions—especially in Southeast Asia and Sub-Saharan Africa—are likely
to experience even more frequent and severe flooding in the future. This underscores the
urgent need for adaptive planning, sustainable land use practices, and the development
of resilient infrastructure to safeguard communities and ecosystems from the escalating
impacts of flood hazards [9–13].

Terrain information is vital for any hydrological research, and remote sensing technology
plays a crucial role in this regard. Global digital elevation models (GDEMs) are primarily
constructed using stereo optical and interferometric radar satellite imagery, processed in
various ways. The accuracy of these DEMs significantly affects subsequent calculations and
hydrological modeling [14]. Therefore, selecting the most suitable DEM—considering the
study’s objectives, accuracy requirements, and spatial scale—is essential [15,16]. For exam-
ple, [15] analyzed the use of DEMs—AW3D30, ASTER GDEM V003, and SRTMGL1—for
modeling a mountainous lake basin, conducting a comparative analysis of their spatial accu-
racy. Reference [17] suggested that, despite its coarser spatial resolution, SRTM delivers more
accurate results than ASTER DEM for drainage delineation and basin morphometric analysis.

The intricate interplay between precipitation, terrain characteristics, and land surface
influences the hydrological response of watersheds, impacting water availability, flood risk,
and ecosystem health [18]. Rainfall-runoff modeling serves as a pivotal tool in understand-
ing these dynamics, enabling the simulation of runoff generation and flow pathways within
a watershed [19,20]. Among the array of modeling frameworks available, the Hydrologic
Engineering Center’s Hydrologic Modeling System (HEC-HMS) stands out for its versatil-
ity, robustness, and wide-ranging applications in hydrological analysis and engineering.
In a study by [21], HEC-HMS was found to have performance limitations. Increasingly,
machine learning techniques are employed for modeling flood flows [22]. As a result, a
hybrid model was developed by integrating HEC-HMS output with an artificial neural
network (ANN) to simulate daily runoff.

Hydraulic modeling is an essential component of any system designed to predict
river water levels and flood inundation [23]. Precise and reliable water level forecasts are
critical for preventing flood damage and effectively planning interventions during high-risk
situations. Reference [24] created flood inundation maps of the Indus Basin using HEC-RAS
v5 software. Reference [25] conducted a study in the Aswah Bella River Basin in Ethiopia
using HEC-RAS, HEC-GeoRAS, and HEC-HMS. They determined the maximum flow
value using HEC-HMS and applied it as a boundary condition for hydraulic simulation.

The impact of climate change on water resources has become a subject of increasing in-
terest and importance, as changes in precipitation patterns, temperature, and other climatic
variables can significantly affect water availability, flood risk, and overall water manage-
ment [26]. Recognizing the need to understand these impacts, researchers have increasingly
adopted advanced hydrological modeling techniques to analyze how climate change influ-
ences various components of the water cycle [27–29]. One such technique is return period
analysis, which evaluates the frequency and magnitude of extreme events—such as floods
or droughts—and how they may shift under changing climate conditions [26]. Further-
more, the integration of hydraulic models such as HEC-RAS with hydrological models like
HEC-HMS has proven effective for assessing climate change impacts on water systems.
These models can simulate the complex interactions among precipitation, runoff, and the
operation of hydraulic infrastructure [27,28]. For example, [28,29] employed HEC-HMS
and HEC-RAS to estimate flood risks under varying return periods. Understanding return
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periods is crucial for floodplain zoning, infrastructure design, and risk management. It
informs the development of building codes, insurance policies, and the design of resilient
flood protection measures tailored to specific levels of flood risk.

From the reviewed literature, it is evident that current studies often lack a compre-
hensive evaluation of the comparative effectiveness of different digital elevation models
(DEMs) in hydrological modeling, especially under diverse climate change scenarios. More-
over, there is limited analysis of localized flood risks in regions such as the Periyar River
Basin. Integrated approaches that combine both hydrological and hydraulic modeling
are needed to produce accurate flood inundation maps for specified return periods in the
context of future climate scenarios. Additionally, previous studies have reported limitations
in the performance of HEC-HMS when used alone.

The primary objectives of this study are as follows: (1) to evaluate the effectiveness
of different DEMs in hydrological modeling; (2) to simulate future streamflow in the
Aluva region of the Periyar Basin under various climate change scenarios using a hybrid
hydrologic model; and (3) to generate flood inundation maps for a 100-year return period
using hydraulic modeling. This study integrates hydrological and hydraulic models to
accurately delineate potential flood-inundation zones, offering valuable insights for flood
risk reduction and climate-resilient planning.

2. Materials and Methods
2.1. Study Area

Kerala, situated between the Western Ghats and the Arabian Sea, is one of the most
flood-prone regions in India. It ranks among the states with the highest population density
and lies at the foothills of the Western Ghats, a prominent orographic barrier. The state is
home to 44 medium- and small-sized rivers, each following a short course that traverses all
three physiographic zones—highland, midland, and lowland—before emptying into the
Arabian Sea [30–32]. The dominance of a monsoonal climate has contributed to frequent and
severe flooding across various parts of Kerala [33]. During the southwest (SW) monsoon
in mid-August 2018, central Kerala experienced its most devastating flood since 1924,
submerging vast areas and severely affecting several regions, especially Ernakulam [33,34].
To effectively identify flood-prone zones, it is essential to generate potential inundation
maps under various climate change scenarios [35,36].

The Periyar River, the longest river in Kerala, also has the highest discharge potential
in the state. The Periyar River Basin (Figure 1) lies between latitudes 9◦15′30′′ N and
10◦21′00′′ N and longitudes 76◦08′38′′ E and 77◦24′32′′ E. The river extends approximately
244 km and encompasses a catchment area of 5398 km2, of which 5284 km2 lies in Kerala
and 114 km2 in Tamil Nadu. It originates from the Sivagiri group of hills within the Periyar
Tiger Reserve, at an elevation of about 1830 m, and drains parts of the Idukki, Ernakulam,
and Thrissur districts in Kerala, as well as the Coimbatore district in Tamil Nadu. A river
gauge station at Neeleshwaram monitors the flow characteristics of the Periyar. Aluva, part
of the Kochi metropolitan area, is located about 15 km from the city center on the banks of
the Periyar River. Due to its proximity to the river, many areas within Aluva municipality
have been frequently isolated from the mainland during periods of continuous rainfall.
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Figure 1. Study area: Periyar River Basin, including the Chalakkudi sub-basin.

2.2. Database

In this study, DEMs with a spatial resolution of 30 m × 30 m were obtained from
the Indian Space Research Organization (ISRO) and the United States Geological Survey
(USGS). Hydrological data for the period 2014–2019 were collected from the India Water
Resources Information System (India-WRIS). Rainfall data with a spatial resolution of
0.25◦ × 0.25◦ and temperature data with a resolution of 1.0◦ × 1.0◦ were sourced from the
India Meteorological Department (IMD), Pune. Soil data were obtained from the Food and
Agriculture Organization (FAO), and land use/land cover (LULC) data were collected from
ISRO. The details of all datasets used in this study are presented in Table 1.

Table 1. Details of collected datasets used in the study.

Dataset Unit Spatial
Resolution

Temporal
Resolution

Observation
Period. Source

DEM M 30 m × 30 m - - ISRO, USGS
Soil Data - - - 2018 FAO
Land Use/Land Cover km2 10 m Yearly 2015 ESRI
Precipitation mm 0.25◦ × 0.25◦ Daily 2014–2019 IMD
Stream Flow m3/s Point Daily 2000–2019 India WRIS
Precipitation
(EC Earth 3) Future kg m−2 s−1 0.25◦ × 0.25◦ Daily 2021–2050 NCCS

2.3. Methodology

This study utilizes two digital elevation models (DEMs) with a spatial resolution
of 30 m × 30 m—SRTM (https://earthexplorer.usgs.gov/ accessed on 20 August 2023)
and Cartosat-1 (https://bhuvan-app3.nrsc.gov.in/data/download/index.php accessed
on 25 August 2023)—to compare topographic attributes for hydrologic analysis. The
methodology adopted for this analysis is illustrated in Figure 2.

https://earthexplorer.usgs.gov/
https://bhuvan-app3.nrsc.gov.in/data/download/index.php
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Figure 2. Flowchart illustrating the methodology adopted in the study.

2.3.1. Comparison and Selection of DEM

CARTOSAT-1 is the first Indian Remote Sensing Satellite capable of capturing in-orbit
stereo imagery. A key objective of the mission is to generate Digital Elevation Models
(DEMs) and corresponding ortho-images to support large-scale mapping and terrain mod-
eling applications. Launched on 5 May 2005 by PSLV-C6 from the Satish Dhawan Space
Centre (SLP) in Sriharikota, Cartosat-1 is capable of acquiring high-resolution imagery over
both Indian and global regions.

The Shuttle Radar Topography Mission (SRTM) is another major source of DEM
data, resulting from a collaborative effort between NASA and the National Geospatial-
Intelligence Agency (NGA). The mission aimed to produce a near-global elevation dataset
of the Earth’s surface and successfully collected topographic information covering ap-
proximately 80% of the planet’s land area in February 2000. This mission produced the
first nearly global land elevation dataset. SRTM DEM data are publicly available through
platforms such as the USGS Earth Explorer and are typically provided in a geographic
coordinate system (EPSG:4326). Commonly available resolutions include 30 m and 90 m,
and the data are widely used for applications such as flood risk assessment, land use
planning, and infrastructure development.

In this study, the relevant CartoDEM and SRTM DEM tiles for the Periyar River Basin
were downloaded from the Bhuvan and USGS portals, respectively. Following data acquisi-
tion, preprocessing was performed using ArcGIS, including tasks such as re-projection and
resampling to ensure uniform resolution and coordinate systems. ArcGIS tools were also
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used for watershed and basin delineation. DEM elevation values were validated against
reference elevations from Google Earth to ensure consistency and accuracy.

2.3.2. Rainfall–Runoff Modeling

Rainfall–runoff models are widely used to assess climate-related risks by forecasting
streamflow and other hydrological responses. Among these, the Hydrologic Engineering
Center’s Hydrologic Modeling System (HEC-HMS), developed by the U.S. Army Corps
of Engineers, is one of the most commonly adopted tools for hydrological simulation
and analysis. HEC-HMS is designed to model surface runoff and channel flow within
a watershed and incorporates various methods for loss estimation, flow transformation,
baseflow separation, and reach routing.

In this study, the Soil Conservation Service (SCS) Curve Number method is applied to
estimate infiltration losses, while the SCS Unit Hydrograph method is used to compute
direct runoff. Flow routing within stream reaches is simulated using the Muskingum
method. The accurate determination of the curve number (CN) is essential when applying
the SCS method, as it depends on land use, soil type, and slope.

Land use/land cover (LULC) data for the study area are derived from ESA Sentinel-2
imagery, which provides a high spatial resolution of 10 m. Curve Number values are
generated using a combination of the LULC map, soil data, and a digital elevation model
(DEM) with the help of HEC-GeoHMS 10.2 software. The soil data are sourced from the
Food and Agriculture Organization (FAO), which provides a Digitized Soil Map of the
World at a 1:5,000,000 scale in a geographic projection. These datasets are integrated in
HEC-GeoHMS to generate the CN map for the Periyar River Basin.

2.3.3. Calibration and Validation of the HEC-HMS Model

Daily rainfall and streamflow data from 2014 to 2016 were used for model calibration,
while data from 2018 were used for validation. Land use/land cover (LULC) and soil
characteristics were assumed to remain unchanged during the calibration period. In HEC-
HMS, the autocalibration feature was employed to optimize model parameters. Specifically,
the simplex optimization method was used to minimize the root mean square error (RMSE)
and obtain the best-fit parameters for the simulated model. These optimized parameters
were subsequently applied during the validation phase.

To evaluate the performance of the HEC-HMS model, four statistical metrics were
used as follows: the correlation coefficient (R), Nash–Sutcliffe Efficiency (NSE), percent
bias (PBIAS), and root mean square error (RMSE). The correlation coefficient (R) quantifies
the strength and direction of the relationship between observed and simulated stream-
flow values, indicating how well the model predictions align with actual outcomes. The
Nash–Sutcliffe Efficiency (NSE) measures the predictive accuracy of the model, with values
closer to 1 indicating higher efficiency. Percent bias (PBIAS) evaluates the average tendency
of the simulated values to overestimate or underestimate the observed values. RMSE
quantifies the average magnitude of prediction error, serving as a comprehensive measure
of model accuracy. HEC-HMS computes and displays these summary statistics to assess
the model’s performance against observed data.

2.3.4. HEC-HMS-ANN Hybrid Model

Traditional hydrologic and hydraulic models, such as HEC-HMS and HEC-RAS, have
been widely used for flood forecasting and simulation. However, these models often
require extensive input data and substantial computational resources, which can pose
challenges in regions with limited data availability or computational capacity [37,38]. To
address these limitations, researchers have increasingly explored the integration of machine
learning (ML) approaches. Additionally, traditional hydrologic models may produce
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inaccurate simulations in certain conditions. In such cases, combining machine learning
techniques—such as artificial neural networks (ANNs)—with physical models can enhance
forecasting performance.

One such approach is the HEC-HMS-ANN hybrid model, which integrates the
strengths of HEC-HMS (a physically based hydrologic model) with the pattern-recognition
capabilities of ANN [37]. This hybrid approach leverages the physical understanding
of hydrologic processes simulated by HEC-HMS, while the ANN component captures
complex nonlinear relationships by learning from historical data [39,40].

In this study, a hybrid modeling framework was developed to improve simulation
accuracy by integrating HEC-HMS outputs with an ANN. The HEC-HMS-simulated dis-
charge was used as an additional input to the ANN, along with precipitation, observed
discharge, and its lagged values. The appropriate lag structure was identified using the
Partial Autocorrelation Function (PACF). An artificial neural network is composed of in-
terconnected nodes (neurons), structured into the following layers: an input layer, one or
more hidden layers, and an output layer. In a typical feed-forward architecture, informa-
tion flows from the input to the output layer. During training, the network adjusts the
connection weights to learn the relationship between inputs and outputs. Inputs to a node
may originate from external variables or from the outputs of nodes in a previous layer.

A key component of ANN architecture is the activation function, which governs the
learning behavior and convergence of the model. In this study, the ‘Tansig’ (hyperbolic
tangent sigmoid) activation function was used in the hidden layer to capture nonlinear
relationships, while the ‘Purelin’ (linear) function was applied in the output layer for the
continuous prediction of runoff.

Data preprocessing is a critical step in developing effective ANN models. In this
study, both normalization and robust scaling techniques were applied for feature scaling.
Normalization transforms the data to have a mean of 0 and a standard deviation of 1, while
robust scaling uses the median and interquartile range (IQR), making it less sensitive to
outliers. This is especially important when input features differ in units or magnitude, as in-
consistent scales can adversely affect model performance. Preprocessing not only stabilizes
and accelerates training but also improves computational efficiency and model accuracy.

The performance of the HEC-HMS-ANN hybrid model was evaluated using statisti-
cal metrics including the correlation coefficient (R), Nash–Sutcliffe Efficiency (NSE), and
percent bias (PBIAS).

2.3.5. Flood Inundation Modeling

The Hydrologic Engineering Center’s River Analysis System (HEC-RAS) is a com-
puter program developed to simulate river flow in open, natural channels and compute
water surface profiles. Widely adopted by hydraulic engineers and researchers, HEC-
RAS is particularly valued for its ability to model unsteady flow conditions and identify
flood-prone zones where ground elevations fall below calculated water levels. It also
facilitates the visualization of flood extents along river reaches. Accurate river geometry
inputs—including centerlines, bank lines, flow paths, and cross-sections—are essential for
delineating flood-prone areas within the HEC-RAS modeling framework.

In this study, runoff values generated by HEC-HMS were used as boundary conditions
for the HEC-RAS model. The primary objective of creating flood inundation maps is to
provide accurate and timely information on the spatial extent of flooding along the Periyar
River. Flood severity varies by location due to factors such as topographic slope and rainfall
intensity. Therefore, identifying flood hazard zones along the river is critical, as it offers
valuable insights into potential flood depths—particularly in low-lying and downstream
areas—ultimately aiding in the protection of lives and property.
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2.3.6. Future Flood Inundation Map

The NEX-GDDP-CMIP6 dataset consists of globally downscaled climate projections
derived from General Circulation Model (GCM) runs under CMIP6, spanning the four
‘Tier 1’ Shared Socioeconomic Pathways (SSPs). In this study, precipitation data from
the EC-Earth3 CMIP6 model were used under the SSP2–4.5 scenario. These precipitation
projections were provided as input to the HEC-HMS model to simulate future streamflow
(discharge). Subsequently, frequency analysis was conducted using the Gumbel distribu-
tion method to estimate the discharge corresponding to a 100-year return period. This
return level was then used as an input boundary condition in HEC-RAS to generate flood
inundation maps under different climate scenarios.

3. Results and Discussions
3.1. Comparison and Selection of DEM

A comparison of DEMs derived from CartoDEM (sourced from ISRO Bhuvan ver-
sion 1.0) and SRTM (obtained from USGS) revealed notable differences in hydrological
representation within the Periyar River Basin. Key basin characteristics, including the area,
perimeter, and the length of the longest stream reach, are presented in Table 2. Notably,
the SRTM DEM (Figure 3) exhibited a more interconnected stream network compared
to the CartoDEM (Figure 4). This variation in stream connectivity can be attributed to
several factors, including the complex geomorphological features of the Periyar Basin and
differences in data acquisition methods.

Table 2. Properties of DEM.

Area (m2) Perimeter (m) Length of Reach(m)

SRTM 4,489,682,074 526,202,920 225,049
CartoDEM 6,352,370,322 755,228,570 224,013

Figure 3. SRTM digital elevation model (DEM) of the study area.

The elevation correlation of both SRTM and CartoDEM with reference to topographic
maps (toposheets) is shown in Figure 5, with corresponding values summarized in Table 3.
The SRTM DEM demonstrated a stronger correlation with the toposheet data compared to
CartoDEM, indicating higher consistency in terrain representation. Disparities in stream
path delineation between the two DEMs may also result from differences in data acquisition
methodologies—such as radar signal penetration and spatial resolution.
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Figure 4. CARTODEM of the study area.
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Figure 5. Elevation data at sample points for DEM validation.

Table 3. Comparison of DEM elevation values with toposheet reference data.

R2 ME RMSE

SRTM 0.983 43.81 63.98
CartoDEM 0.983 134.11 141.86

The more pronounced stream network connectivity observed in the SRTM-derived
DEM underscores the importance of understanding geological, topographical, and method-
ological intricacies when conducting hydrological modeling in the Periyar Basin. Such
insights are critical to selecting the most appropriate elevation data source for accurate
hydrologic simulations.

3.2. Comparison of Rainfall and Discharge

Rainfall and discharge data from the period 2014 to 2016 and 2018 are visually rep-
resented using a contour map in Figure 6. While visual comparison does not establish a
continuous spatial relationship, it remains a valuable tool for understanding how specific
rainfall events correspond to discharge responses within the same time frame. The contour
map highlights the intensity and timing of individual events, providing insights into their
hydrological impact.
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Figure 6. Contour map of maximum daily rainfall and discharge for the selected months during
2014–2016 and 2018.

A high correlation coefficient of 0.92 between rainfall and discharge indicates a strong
temporal relationship during these events. This suggests that, within the observed periods,
higher rainfall consistently resulted in increased discharge. Such a strong correlation
supports the reliability of rainfall as a predictive indicator for streamflow during intense
precipitation events captured in the analysis.

The contours illustrate that specific rainfall events have a significant and immediate
impact on discharge levels. This observation is crucial for understanding the dynamics of
storm events and other short-term weather phenomena and their effects on hydrological
systems. The strong correlation between rainfall and discharge can be effectively lever-
aged to improve event-based predictive models. By anticipating rainfall intensity and
timing, it becomes possible to more accurately forecast corresponding discharge events,
thereby enhancing the effectiveness of flood forecasting and event-based water resource
management strategies.
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3.3. Rainfall–Runoff Modeling

The LULC map and soil map of the study area were prepared and are presented
in Figure 7. The study area includes distinct land cover classes such as built-up areas,
plantations, croplands, flooded vegetation, range land, bare ground, and open ground.
Among these, plantations occupy the majority of the basin’s area. The dominant soil type
in the Periyar River Basin is loamy clay, which plays a significant role in influencing the
hydrological response of the watershed.

Figure 7. Land use/land cover (LULC) and soil map of the Periyar River Basin.

3.3.1. Calibration and Validation

The HEC-HMS model was developed using gridded rainfall data from 2014 to 2016
for the area near the Neeleswaram river gauge station. Model-simulated discharge was
subsequently validated using observed real-time discharge data from the year 2018 at the
same station. The performance metrics for both calibration and validation phases are sum-
marized in Table 4. The correlation coefficient (R) was found to be 0.82 during calibration
and 0.66 during validation, indicating a strong and moderate correlation, respectively. The
Nash–Sutcliffe Efficiency (NSE) values were 0.398 for calibration and 0.193 for validation,
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suggesting moderate to low model efficiency. Figure 8 presents the comparison of observed
and simulated streamflow during both calibration and validation periods.

Table 4. HEC-HMS performance indicators.

R NSE PBIAS RMSE

Calibration 0.82 0.398 24.28 0.95
Validation 0.66 0.193 9.80 0.9

Figure 8. Comparison of observed and HEC − HMS-simulated streamflows during calibration and
validation periods.

3.3.2. HEC-HMS-ANN Hybrid Model

The HEC-HMS model alone did not provide satisfactory results in simulating dis-
charge for the Aluva region of the Periyar River Basin. To improve prediction accuracy, this
study incorporated the simulated discharge from the semi-distributed HEC-HMS model,
along with its lagged values, as additional inputs to an Artificial Neural Network (ANN)
model. Prior to training the ANN, input data were preprocessed using both robust scaling
and normalization techniques.

The input features used for the ANN model included HEC-HMS-simulated discharge
at time t (QHEC(t)), precipitation at time t (Pt), lagged precipitation (Pt−1), and lagged
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observed discharge (Qt−1). These lag values were identified using the autocorrelation
function, as illustrated in Figure 9. The ANN was trained using a feedforward architecture
comprising a single hidden layer with a Sigmoid activation function. The architecture of
the hybrid HEC-HMS-ANN model is shown in Figure 10.

 

Figure 9. Partial autocorrelation function (PACF) for rainfall and discharge data.

Figure 10. Architecture of the HEC-HMS-ANN hybrid model.
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Figure 11 presents a visual comparison of the simulated streamflow from the hybrid
model during training and testing against the observed streamflow. The performance of the
hybrid model was evaluated using statistical metrics including the correlation coefficient
(R), Nash–Sutcliffe Efficiency (NSE), and percent bias (PBIAS), with the results summarized
in Table 5. Among the preprocessing techniques, the robust scaling method yielded better
model performance compared to normalization.

Figure 11. Comparison of observed and simulated streamflows during training and testing using the
hybrid HEC-HMS-ANN model.

The hybrid model demonstrates superior predictive performance based on key sta-
tistical indicators—namely, the correlation coefficient (R), Nash–Sutcliffe Efficiency (NSE),
and percent bias (PBIAS). Although PBIAS slightly increases during validation, it remains
within acceptable limits, especially when weighed against the significant improvements
observed in R and NSE. Among the scaling methods evaluated, robust scaling performed
marginally better during validation. This indicates that the hybrid model is not highly
sensitive to the choice of scaling method (Figure 12), possibly due to the characteristics of
the data and the architecture of the ANN.
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Table 5. Performance indicators of the hybrid ANN-HEC-HMS model during calibration and
validation phases.

Robust Scaling

R NSE PBIAS
Calibration 0.90 0.80 0.224
Validation 0.88 0.64 23.590

Normalization Scaling
R NSE PBIAS

Calibration 0.90 0.80 3.884
Validation 0.87 0.63 25.442

 

Figure 12. Violin plot comparing hybrid model performance during training with HEC-HMS model
performance during calibration.

Overall, the performance metrics clearly show that the HEC-HMS-ANN hybrid model
provides enhanced accuracy compared to the standalone HEC-HMS model. However, both
models tend to underestimate peak discharge values. One potential solution to improve
peak flow prediction is to incorporate reservoir outflow as an additional input in the
hydrological modeling framework—a factor that was not included in the current study.

Future modeling efforts could also explore the integration of deep learning approaches
within hybrid frameworks to further improve simulation accuracy. This limitation under-
scores the importance of continued refinement in model structure and input selection to
better capture extreme flow conditions.

3.4. Flood Inundation Modeling and Mapping

The flood inundation map was generated using HEC-RAS 6.4.1 software, with the
SRTM DEM serving as the input topographic data. Boundary conditions were defined
as shown in Figure 13. Specifically, Upstream 1 and Upstream 2 were assigned flow
hydrograph inputs, while the downstream boundary condition was set as a normal depth.
Details of the boundary conditions are provided in Table 6.

Table 6. Boundary conditions used for the HEC-RAS simulation.

Scenario Upstream 1 (m3/s) Upstream 2 (m3/s) Downstream

Historical (2018) 1243 1015 Normal Depth (0.001 slope)
Future (SSP2–4.5) 1325 1087 Normal Depth (0.001 slope)
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Figure 13. Stretches of the study area along the Periyar River Basin.

The flood inundation map for the year 2018 is presented in Figure 14. For the maximum
precipitation event recorded on 16 August 2018, with a rainfall intensity of 241.65 mm, the
corresponding maximum flood depths observed were 12.22 m at Upstream 1, 13.5 m at
Upstream 2, and 8.7 m at the downstream location.

Figure 14. Flood inundation map for the 2018 Kerala flood event based on the HEC-RAS simulation.

3.5. Future Flood Map Under Climate Change Scenarios

Future rainfall data for the period from 2021 to 2050 were obtained from the EC-Earth3
Global Climate Model (GCM). These projected rainfall data, under the SSP2–4.5 scenario,
were used as input to the HEC-HMS model to simulate future discharge. Using the Gumbel
distribution method, a flood frequency analysis was conducted to estimate discharge values
corresponding to a 100-year return period. Based on the HEC-RAS simulation results, the
maximum flood depths under the SSP2–4.5 scenario were found to be 12.79 m at Upstream
1, 11.91 m at Upstream 2, and 8.48 m at the downstream location (Figures 15 and 16).
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Figure 15. Flood inundation map under the SSP2–4.5 scenario based on the HEC-RAS simulation.
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Figure 16. Simulated streamflow under the SSP2–4.5 scenario (2021–2050) using HEC-HMS with the
EC-Earth3 precipitation input.

In comparison, the 2018 flood inundation map (Figure 14) shows a maximum depth
of 19.67 m. Under the future SSP2–4.5 scenario, the maximum depth is slightly lower,
at 19.07 m. The spatial extent of inundation is nearly identical in both cases. The 2018
Kerala flood, however, was an extreme hydrometeorological event triggered by highly
intense and prolonged rainfall, compounded by reservoir releases and already saturated
catchment conditions.

While a 100-year return period flood under the SSP2–4.5 scenario represents a sta-
tistically rare and severe event based on long-term climate projections, it may not fully
capture the influence of localized extremes, short-term variability, or compounding factors
such as overland flow, soil saturation, and urban runoff. These elements—along with
teleconnections—likely contributed to the severity of the 2018 flood, emphasizing the
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importance of considering both statistical trends and real-world complexities in future
flood risk assessments.

4. Conclusions
In this study, the floodplains of the Aluva region within the Periyar River Basin were

mapped using an integrated hydrological and hydraulic modeling approach for both
historical and future periods. The basin includes numerous storage and diversion schemes
that can significantly influence the hydrological response, and consequently, peak flow.
However, these details were not incorporated into the HEC-HMS model due to limitations
in the availability of storage and release data. A key finding is that one should not rely
solely on physically based models in data-scarce and complex basins. This limitation served
as the primary motivation for developing the hybrid model.

A hybrid HEC-HMS-ANN model was implemented to improve predictive accuracy
and capture nonlinear hydrological responses. The results demonstrate that the hybrid
model outperformed the standalone HEC-HMS model, particularly in simulating complex
hydrological interactions. However, both models showed limitations in accurately predict-
ing peak flow values. One potential improvement is the inclusion of reservoir outflow as
an additional input to the hydrological models—an element not considered in the present
study. Future work could also explore advanced hybrid frameworks incorporating deep
learning techniques.

To further analyze extreme flood events, flood frequency analysis was performed to
estimate peak discharges for a 100-year return period. These peak flows were used as
boundary conditions in the HEC-RAS model to simulate hydraulic behavior and delineate
floodplain extents. Future studies may extend this analysis to include inundation extents
for additional return periods.

The findings of this study offer valuable insights for water resource managers, policy-
makers, and urban planners in strengthening flood risk assessment and developing effective
flood mitigation and adaptation strategies. By integrating climate change projections, this
approach supports sustainable water management and informs resilient infrastructure
planning in vulnerable regions.
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