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INTRODUCTION

Rivers are critical freshwater sources that sup-
port ecological integrity and human development 
and influence agriculture, settlement patterns, 
and economic systems (Martin, 2023). However, 
they also pose significant flood risks, with floods 
ranking among the most destructive natural haz-
ards (Seyedeh et al., 2008; Younas et al., 2024). 
Despite progress in forecasting and hydraulic 
modeling the impact of floods remains severe, 
particularly in hydroclimatically variable regions 
such as Pakistan (Cea and Costabile, 2022; Tariq 

et al., 2021). Climate change, urbanization, popu-
lation growth, and land use changes have intensi-
fied flood frequency and magnitude, underscoring 
the urgent need for predictive modeling and risk 
assessment to enhance resilience and disaster pre-
paredness (Khan et al., 2024; Rizwan et al., 2023; 
Schürings et al., 2022).

Pakistan’s dependence on the Indus River 
system makes it highly susceptible to recurrent 
flooding. As the country’s primary water source 
and irrigation backbone, the Indus River poses 
seasonal flood risks driven by monsoon rains 
and snowmelt (Rizwan et al., 2023). The 2010 
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ABSTRACT
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accuracy, with overestimations of 8.86% and 4.87%, respectively. Hydrodynamic analysis revealed peak depths of 
17 m and velocities of 4 m/s. District-scale assessment showed 10–11% inundation growth in Layyah and Muzaf-
fargarh, whereas union council maps delineated high-risk and safe zones. These findings underscore the potential of 
HEC-RAS and GIS for proactive flood-risk management in the Indus Basin.
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floods exemplified this vulnerability, displacing 
20 million people, inundating 17 million acres 
of farmland, and destroying 1.8 million homes, 
among the costliest floods globally (CNN, 2010; 
Khosa, 2014; WB, 2010). Recovery efforts to-
taled $6.8 billion, while overall damages were 
estimated between $9.7 and $10 billion (FFC, 
2010; Floods, 2010).

Embankment failures along the Taunsa reach 
intensified flooding in low-lying agricultural dis-
tricts, such as Layyah and Muzaffargarh. Exces-
sive monsoon rainfall, tributary inflows, and hill 
torrents overwhelmed the Chashma and Taunsa 
barrages, breaching their embankments (Gull et 
al., 2020; Syvitski and Brakenridge, 2013). The 
rainfall extremes of 468 mm in Risalpur and 384 
mm in Cherat over four days highlighted the 
event’s severity (Hashmi et al., 2012). The disas-
ter was exacerbated by weak embankments, poor 
drainage, and unregulated settlements.

Integrated flood hazard mapping is essen-
tial, particularly when hydrodynamic model-
ing is combined with socio-economic variables 
considerations (Thaivalappil Sukumaran and 
Birkinshaw, 2024). Spatially explicit impact 
assessments rely on hydrological and hydrau-
lic models to simulate flood extent and fore-
cast its impacts (Afzal et al., 2022). Among 
the available tools, Hydrologic Engineering 
Center-River Analysis System (HEC-RAS) has 
proven effective in data-scarce environments 
by efficiently leveraging geographic data (Cook 
and Merwade, 2009). The model performs one-
dimensional hydraulic simulations using cross-
sections, boundary conditions, and Manning’s 
roughness coefficients (Suro et al., 2024). En-
hancements in GIS and remote sensing tech-
nologies support flood control by refining flood 
depth and flow estimations, and improving 
spatial attenuation analysis (Abdrabo, 2023; 
Akhtar, 2023; Wang and Xie, 2018).

HEC-RAS has demonstrated versatility and 
reliability in floodplain mapping and risk assess-
ment across diverse hydrological contexts, both 
nationally and internationally. Its applicability 
has been demonstrated in studies by Manina et al. 
(2020), Indrawati et al. (2019), and Gumindoga et 
al. (2024). In urban flood modeling, Velychko and 
Dupliak (2024) highlighted its potential, while 
Peker et al. (2024) showed enhanced flood sce-
nario simulation and risk mapping in the Göksu 
River Basin through integration of HEC-RAS, 
HEC-HMS, and GIS.

HEC-RAS has been extensively applied in 
Pakistan for riverine flood evaluations. Ullah et al. 
(2024) demonstrated its utility for the Swat River, 
highlighting the role of high-resolution digital el-
evation models (DEMs) in addressing complex 
mountainous terrain Khattak et al. (2016), Khalil 
and Khan (2017), and Salman et al. (2021) ap-
plied HEC-RAS–GIS floodplain mapping to 
evaluate flow dynamics and delineate floodplains 
along the Kabul River, Indus River, and Narai 
Drain, respectively. Afzal et al. (2022) integrated 
satellite imagery with HEC-RAS to support flood 
forecasting and early warning systems across the 
Indus Basin. Ijaz et al. (2019) emphasized DEM 
precision in hydrodynamic modeling, while Ah-
mad et al. (2022) enhanced forecasting accuracy 
by combining remote sensing and machine learn-
ing with HEC-RAS and GIS.

Despite the advancements in flood model-
ing, significant research gaps persist. The exist-
ing literature remains largely confined to local-
ized contexts and short-duration flood events, 
often overlooking longer-return-period floods 
in highly vulnerable districts such as Layyah 
and Muzaffargarh (Khan et al., 2017). Given 
projections that climate change will intensify 
hydrological extremes across South Asia (Cui et 
al., 2023; Mujumdar et al., 2020), the need for 
comprehensive modeling and long-term analy-
sis is critical.

This study evaluated a one-dimensional HEC-
RAS model, calibrated with high-resolution DEM 
and bathymetric data, to simulate historical and 
extreme floods along the Chashma–Taunsa–Kot 
Mithon reach. This study will estimate the peak 
flood discharges with different return periods us-
ing the best-fit probability distributions, and then 
estimate flood extents, depths, and velocities for 
flood magnitudes of different return periods, com-
pare the simulated 2010 inundation with MODIS 
observations, and identify highly vulnerable areas 
in Layyah and Muzaffargarh under the 200‑year 
scenario to inform flood‑risk planning. They aid 
sustainable land-use planning and contribute to 
detailed flood maps of depth, velocity, and extent. 
These outputs offer essential guidance for deci-
sion-makers in developing climate-resilient flood 
control and mitigation strategies, particularly for 
high-magnitude flash flood events.
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MATERIALS AND METHODS

Study area and background

The Indus Basin spans over 1,165,000 km² 
and is distributed across China (10.7%), Afghan-
istan (6.7%), India (26.6%), and predominantly 
Pakistan (56%) (Afzal et al., 2022). Originating 
from Lake Mansarovar on the Tibetan Plateau, 
the Indus River flows through Kashmir and Pak-
istan before discharging into the Arabian Sea. 
The Upper Indus Basin, located near 32.48° 
N and 67.33° E, encompasses the Karakoram, 
Hindu Kush, and Himalayan ranges, containing 
approximately 11,000 glaciers over 22,000 km², 
making it one of the largest temperate glaciated 
regions outside the polar zones (Bajracharya 
and Shrestha, 2011; Lutz et al., 2016). Eleva-
tions range from 200 to 8500 m, with an aver-
age of 3750 m. The basin is a critical freshwater 
source for Pakistan, supporting agriculture, hy-
dropower, and domestic water supplies (Afzal 
et al., 2022).

The 2010 flood event was notably severe, 
exacerbated by hill torrents from Sangar and 
Vehowa hazards (Syvitski and Brakenridge, 
2013; Tariq et al., 2021). The Layyah and Mu-
zaffargarh districts, characterized by flat, dense-
ly cultivated floodplains, face increasing flood 
risks due to rapid urbanization, agricultural ex-
pansion, neglected floodplain settlements, and 
embankment failures (Gull et al., 2020). En-
hancing flood risk management and resilience is 
essential for sustainable development and disas-
ter mitigation in these areas.

The hydrological records of the Indus River 
show significant variability. The peak discharg-
es in 2010 reached 27,108 m³/s at Taunsa and 
22,614 m³/s at Chashma, while the minimum 
flows in 2004 were 6061 m³/s and 5164 m³/s, 
respectively, confirming the extremity of the 
2010 flood (PMIU, 2022). Figure 1 shows the 
study area.

The Chashma–Kot Mithon (CK) reach of the 
Indus River spans approximately 434 km and 
is divided into two reaches: Chashma–Taunsa 
(CT; 252 km) and Taunsa–Kot Mithon (TK; 182 
km) (Figure 2). Gauge stations are available 
at Chashma and Taunsa, Pakistan. A hydraulic 
model was developed and calibrated for the 
CT reach, and the validated parameters were 
applied to the TK reach, which lacked direct 
gauge data.

Overview of the geographic information 
systems

Geographic information systems (GIS) pro-
vide an integrated framework for the acquisi-
tion, management, analysis, and visualization of 
spatial data, enabling effective examination of 
environmental and flood‑related processes. By 
combining datasets such as topography, hydrol-
ogy, land use, infrastructure, rainfall, and satellite 
imagery, GIS supports accurate representation of 
terrain characteristics and surface‑water dynam-
ics, making it an essential tool for flood risk as-
sessment and floodplain mapping.

GIS also facilitates hazard mapping, vulner-
ability assessment, and informed decision‑making 
by integrating hydrodynamic model outputs—
such as flood extent, depth, and velocity—with 
real‑world geographic features. Coupling GIS 
with hydrologic and hydraulic models, particular-
ly HEC‑RAS, significantly enhances the accuracy 
and spatial resolution of flood inundation map-
ping (Kim et al., 2020; Korjenić et al., 2021). The 
incorporation of remote sensing data, including 
MODIS and Sentinel imagery, further strength-
ens model validation and flood monitoring by 
enabling comparisons between simulated and ob-
served inundation patterns (George et al., 2022).

Beyond methodological advancements, 
GIS‑based flood mapping functions as a critical 
decision‑support tool by identifying flood‑prone 
areas, assessing impacts on infrastructure and 
communities, and informing evidence‑based 
land‑use planning and disaster risk‑reduction 
strategies (Ibrahim et al., 2024; Prasad et al., 
2022). The continued integration of GIS, remote 
sensing, and hydrodynamic modeling remains 
central to the development of proactive and effec-
tive flood mitigation strategies (Gomma, 2021; 
Yonehara and Kawasaki, 2020) 

Description of the hydrological model

HEC-RAS, developed by the U.S. Army 
Corps of Engineers is one of the most popular hy-
draulic modeling frameworks for river flow, flood 
risk, and hazard mapping (CEIWR-HEC, 2023). 
HEC-RAS in its one-dimensional (1D) version 
solves the Saint-Venant equations and computes 
vertically one-dimensional profiles along the river 
channels. The model incorporates energy and mo-
mentum equations, enabling an accurate represen-
tation of both rapidly and gradually varying flows. 
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Figure 3 depicts all the components of the en-
ergy equation. For gradually varied flows, the wa-
ter surface elevations were determined using the 
1D steady-flow energy equation solved iteratively 
between successive cross-sections using the stan-
dard step method (Brunner, 2010).

The governing energy equation is given by 
Equation 1.

	
𝑍𝑍1 + 𝑌𝑌1 + 𝛼𝛼1𝑉𝑉1

2

2𝑔𝑔 = 𝑍𝑍2 + 

+𝑌𝑌2 + 𝛼𝛼2𝑉𝑉2
2
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2

 

 

 

	 (1)

where:	Z₁ and Z₂ – elevations of the main chan-
nel, Y₁ and Y₂ – flow depths at the respec-
tive cross-sections, α₁ and α₂ – velocity 
weighting coefficients, V₁ and V₂ – av-
erage velocities, g – gravitational accel-
eration, hₑ – energy loss between the up-
stream and downstream cross-sections.

Calibration in 1D HEC-RAS models is typi-
cally easier than that in 2D models. The integration 

of GIS with model outputs improved spatial vi-
sualization, facilitating accurate floodplain map-
ping and disaster preparedness. Nevertheless, the 
oversimplified assumptions of the 1D framework 
limit its potential to analyze floodplain dynamics 
laterally and in complex geomorphological situa-
tions, which can hinder the accuracy of overbank 
inundation models (Teng et al., 2017). Despite 
these drawbacks, the 1D HEC-RAS model is a 
practical and well-developed model used world-
wide for large river systems, primarily because of 
its combined reliability and efficiency as a predic-
tive tool (Horritt and Bates, 2002).

Data collection and flood frequency analysis

Annual peak and daily discharge data for 
2005–2022 were acquired from the Punjab Irriga-
tion Department (PID) and the Program Monitor-
ing and Implementation Unit (PMIU). Six-hourly 
discharge records from the 2010 flood and daily 
data from the 2006 flood were used for trend 

Figure 1. Study area: (a) Pakistan, (b) Punjab and North-West Frontier Province (NWFP) areas under study,
(c) Districts of Punjab and NWFP along the Chashma–Kot Mithan study reach.

Figure 2. Copernicus digital elevation model (GLO-30 DEM): (a) Subdivision of the study area
into two reaches, (b) Chashma–Taunsa reach (CT), (c) Taunsa-Kot Mithon Reach
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analysis, model calibration, and validation. The 
2010 flood was selected as the calibration event 
because of the availability of detailed hydro-
graphic and inundation data, whereas the 2006 
flood was used for validation purposes.

Flood frequency analysis was conducted us-
ing EasyFit software, applying multiple probabil-
ity distributions, including Normal, Lognormal, 
Gumbel, Log-Pearson Type III (LP3), and Gener-
alized Extreme Value (GEV), to annual peak flow 
data at Chashma. Based on goodness-of-fit evalu-
ations using the Kolmogorov–Smirnov and An-
derson–Darling tests, the GEV and Gumbel dis-
tributions provided the best fit. Design discharges 
corresponding to return periods of 5, 25, 50, 100, 
and 200 years were derived using the 2010 hydro-
graph as the reference template for constructing 
design flood scenarios.

Statistical evaluation of HEC-RAS 		
model performance

Hydraulic models, such as HEC-RAS, re-
quire statistical measures to determine how well 
simulated hydrographs correspond with ob-
served hydrographs to evaluate calibration and 
validation. According to the U.S. Army Corps 
of Engineers, model accuracy and consisten-
cy were measured with respect to four metrics 
that are among the most commonly used in the 
field: Nash-Sutcliffe Efficiency (NSE), ratio of 
the root mean square error to standard deviation 
(RSR), percent bias (PBIAS), and coefficient of 
determination (R²) (CEIWR-HEC, 2023). Col-
lectively, these measures provide the most useful 
and complementary insights regarding the align-
ment of the simulated and observed datasets 

pertaining to discharge and water surface eleva-
tions, which informs the reliability and predic-
tive value of the hydrodynamic simulations.

Nash-Sutcliffe Efficiency 

NSE evaluates model performance by com-
paring the residual variance of the simulated data 
to the variance of the observed data, indicating 
how closely the simulations align with the 1:1 line 
of agreement. The NSE values range from −∞ to 
1.0, where 1.0 denotes perfect correspondence 
and negative values indicate poor performance, 
which is worse than the observed mean. Its abil-
ity to capture both the temporal and magnitude 
aspects of flow makes the NSE one of the most 
widely used metrics in hydrology. The formula-
tion of the NSE is presented in Equation 2.
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𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜

=
√∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
∑ (𝑌𝑌𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜)𝑛𝑛

𝑖𝑖=1 × 100
∑ 𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅2 =

[
 
 
 
 
 
 
 
 

∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)

(𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)

𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1 ]
 
 
 
 
 
 
 
 
2

 

 

 

 – observed values, 

𝑍𝑍1 + 𝑌𝑌1 + 𝛼𝛼1𝑉𝑉1
2

2𝑔𝑔 = 𝑍𝑍2 + 

+𝑌𝑌2 + 𝛼𝛼2𝑉𝑉2
2

2𝑔𝑔 + ℎ𝑒𝑒 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜

=
√∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
∑ (𝑌𝑌𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜)𝑛𝑛

𝑖𝑖=1 × 100
∑ 𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅2 =

[
 
 
 
 
 
 
 
 

∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)

(𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)

𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1 ]
 
 
 
 
 
 
 
 
2

 

 

 

 – simulated 
values.

Root mean square error to standard 		
deviation ratio

The root mean square error to standard de-
viation ratio is calculated by dividing the root 
mean square error (RMSE) by the standard de-
viation of the observed data, yielding a dimen-
sionless metric suitable for cross-dataset and 
model comparisons. An RSR value of 0.0 indi-
cates perfect agreement between the simulated 
and observed values, with lower values reflect-
ing improved model performance by minimiz-
ing the residual variance. The RSR formulation 
is presented in Equation 3.

Figure 3. Components of the energy equation (CEIWR-HEC, 2022)
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𝑍𝑍1 + 𝑌𝑌1 + 𝛼𝛼1𝑉𝑉1
2

2𝑔𝑔 = 𝑍𝑍2 + 

+𝑌𝑌2 + 𝛼𝛼2𝑉𝑉2
2

2𝑔𝑔 + ℎ𝑒𝑒 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜

=
√∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
∑ (𝑌𝑌𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜)𝑛𝑛

𝑖𝑖=1 × 100
∑ 𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅2 =

[
 
 
 
 
 
 
 
 

∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)

(𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)

𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1 ]
 
 
 
 
 
 
 
 
2

 

 

 

	 (3)

where:	σobs  – standard deviation, 

𝑍𝑍1 + 𝑌𝑌1 + 𝛼𝛼1𝑉𝑉1
2

2𝑔𝑔 = 𝑍𝑍2 + 

+𝑌𝑌2 + 𝛼𝛼2𝑉𝑉2
2

2𝑔𝑔 + ℎ𝑒𝑒 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜

=
√∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
∑ (𝑌𝑌𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜)𝑛𝑛

𝑖𝑖=1 × 100
∑ 𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅2 =

[
 
 
 
 
 
 
 
 

∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)

(𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)

𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1 ]
 
 
 
 
 
 
 
 
2

 

 

 

 – observed 
values, 

𝑍𝑍1 + 𝑌𝑌1 + 𝛼𝛼1𝑉𝑉1
2

2𝑔𝑔 = 𝑍𝑍2 + 

+𝑌𝑌2 + 𝛼𝛼2𝑉𝑉2
2

2𝑔𝑔 + ℎ𝑒𝑒 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜

=
√∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
∑ (𝑌𝑌𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜)𝑛𝑛

𝑖𝑖=1 × 100
∑ 𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅2 =

[
 
 
 
 
 
 
 
 

∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)

(𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)

𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1 ]
 
 
 
 
 
 
 
 
2

 

 

 

 – simulated values.

Percent bias

PBIAS quantifies the average tendency of 
simulated values to deviate from observed data, 
indicating model bias. A PBIAS of 0% reflects 
perfect agreement, negative values indicate un-
derestimation, and positive values indicate over-
estimation. Although PBIAS can theoretically 
range from 0% to positive infinity, acceptable 
thresholds depend on the model type and study 
objectives. PBIAS is widely used to characterize 
systematic deviations and realistically represent 
discharge magnitudes and the water balance. The 
formulation is provided in Equation 4, as follows:

	

𝑍𝑍1 + 𝑌𝑌1 + 𝛼𝛼1𝑉𝑉1
2

2𝑔𝑔 = 𝑍𝑍2 + 

+𝑌𝑌2 + 𝛼𝛼2𝑉𝑉2
2

2𝑔𝑔 + ℎ𝑒𝑒 

 

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1
∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜

=
√∑ (𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
∑ (𝑌𝑌𝑖𝑖

𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜)𝑛𝑛

𝑖𝑖=1 × 100
∑ 𝑌𝑌𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜𝑛𝑛
𝑖𝑖=1

 

 

𝑅𝑅2 =

[
 
 
 
 
 
 
 
 

∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)

(𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)

𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌‾𝑜𝑜𝑜𝑜𝑜𝑜)2𝑛𝑛

𝑖𝑖=1

√∑ (𝑌𝑌𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑌𝑌‾𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1 ]
 
 
 
 
 
 
 
 
2

 

 

 

	 (4)

where:	
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 – simulated 
values.

A PBIAS value close to 0% denotes optimal 
model performance, whereas negative or posi-
tive deviations reflect under and over-simula-
tion, respectively.

Coefficient of determination

The coefficient of determination quantifies 
the correlation between the simulated and ob-
served datasets, indicating how well the model 
explains the data variability. The R² values 

ranged from 0 to 1, with 1 representing a perfect 
fit. While R² provides insight into explanatory 
power, it is sensitive to outliers and may over-
look any systematic bias. Therefore, it is best 
interpreted alongside other metrics, such as the 
NSE and RSR. The formulation of R² is present-
ed in Equation 5.
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HEC-RAS model development and 
hydrodynamic simulations

The hydraulic geometry for the study area 
was derived from the Copernicus GLO-30 DEM 
(30 m resolution) (OpenTopography, 2023) and 
integrated with river geometry data. Bathymetric 
profiles, levees, and embankments were refined 
using the HEC-RAS RAS Mapper, and Google 
Earth imagery was employed to verify and adjust 
the placement of hydraulic structures, ensuring 
terrain accuracy. Terrain modifications were im-
plemented using cross-section interpolation and 
vector terrain modification tools to maintain con-
sistency with the inundation model. The riverbed 
geometry was generated by developing cross-sec-
tions (XS) along surveyed profiles from NESPAK 
(1999), and DEM-derived bathymetric data were 

Figure 4. Copernicus digital elevation model (GLO-30 DEM) updated by merging surveyed cross-sections
for river bathymetry
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merged with these profiles to produce a continu-
ous riverbed representation (Figure 4). A Triangu-
lated Irregular Network (TIN) generated from the 
DEM served as the base terrain, with discrepan-
cies resolved through satellite image comparison 
and manual correction in RAS Mapper (Figure 5).

Using the RAS Mapper, the river centerline, 
banks, flow paths, and cross-sectional views were 
digitized from upstream to downstream at inter-
vals of 500–700 m and subsequently adjusted 
to closely align with the natural flow pathways. 
The geometry was exported to the geometric data 
editor, where the boundary conditions and Man-
ning’s roughness coefficients were configured 
(Figure 6). Different n values were assigned to 
the channel and floodplain separately to be able to 
spatially capture the flow resistance and facilitate 
better calibration.

Hydrodynamic simulations with HEC-RAS 
version 6.3.0 were performed using a 1D, un-
steady flow model with 6 hourly hydrographs 
from the 2010 flood and 2006 daily discharge data 
at Chashma and Taunsa barrages (Figure 7–8). A 
normal depth condition was applied at the down-
stream end of the model. The shallow water equa-
tions were solved using the Eulerian–Lagrangian 
method (SWE-ELM) to ensure numerical stabil-
ity and accuracy in long time steps.

Iterative adjustment of Manning’s n values 
was performed for the Chashma–Taunsa reach 
to align the simulated water surface elevations 
with the observed data. Calibration and valida-
tion were assessed using statistical metrics – R², 
NSE, PBIAS, and RSE – all of which indicated 
satisfactory model performance. For the Taun-
sa–Kot Mithon reach, upstream-calibrated pa-
rameters were applied owing to the absence of 

downstream gauge data, assuming comparable 
hydraulic behavior.

Extreme flood simulation and GIS processing

The calibrated model was used to simulate a 
200-year return period, representing extreme con-
ditions relevant to flash flood events exacerbated 
by climate change. This design event allowed for 
the simulation of flood depth, velocity, and spatial 
extent within the study area. Flood hazard maps 
created from model outputs and analyzed in Ar-
cGIS showed the inundation extent, depth, and 
velocity. For the Chashma–Kot Mithon reach, 
these maps hold significant value for flood risk 
assessment, informing infrastructure planning, 
and concentrating the identification of risk areas 
in the districts of Layyah and Muzaffargarh. The 
integration of the HEC-RAS results with GIS 
provided a new level of analytical foresight for 
the assessment of flood behavior and extent.

RESULTS AND DISCUSSIONS

Flood frequency analysis and 		
hydrodynamic calibration

The Chashma–Kot Mithon reach encoun-
ters recurrent, high-magnitude floods, with the 
2010 flood event being the greatest in recent de-
cades. Flood magnitudes have changed over the 
years. According to the Federal Flood Commis-
sion (FFC) historical records and annual flood 
peak data (2005–2022), in 2006, the peak dis-
charges recorded were 15,657 m³/s at Chashma 
and 17,252 m³/s at Taunsa, whereas during the 
2010 flood event, the daily peak discharges were 
27,108 m³/s and 22,614 m³/s, and the six-hourly 

Figure 5. Copernicus digital elevation model (GLO-30 DEM) modifications: (a) without control structure,
(b) Google Earth image of control structure, (c) regenerated structure
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Figure 6. Geometric data window showing new study area geometry

Figure 7. 2010 flood flow hydrographs at Chashma and Taunsa used as boundary conditions

Figure 8. 2006 flood flow hydrographs at Chashma and Taunsa used as boundary conditions
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discharges reached extreme values of 28,445 m³/s 
and 26,451 m³/s, respectively. The extreme values 
reached during the 2010 flood justify its selection 
as the flood event for hydraulic model calibration 
and validation.

For the period between 2005 and 2022, the 
annual maximum discharge series was utilized 
to conduct a flood frequency analysis to estimate 
the design flows for several return periods. The 
software EasyFit was used to analyze five differ-
ent probability distributions: Normal, Log-Nor-
mal, Gumbel, Log-Pearson Type III, and GEV. 
Out of the the GEV, Log-Pearson Type III, and 
Gumbel distributions, GEV was selected as the 
“best” by the goodness of fit tests (Anderson-
Darling and Kolmogorov-Smirnov). The GEV 
was chosen for its shape parameter flexibility 
and robustness in modeling extremes (Table 1) 
(Abbasnezhadi et al., 2020; Boucefiane and 
Meddi, 2022; Coles et al., 2001), whereas Log-
normal 3P was poorly reliable owing to sample 
size and outlier sensitivity (Hosking and Wallis, 
1997; Nguyen et al., 2017).

Peak discharges for return periods of 5 to 200 
years were derived from the GEV (Table 2). At 
Chashma, the flow (Q) increased from 16,389 
m³/s (5-year) to 31,728 m³/s (200-year), and at 
Taunsa, it increased from 14,998 m³/s to 28,723 
m³/s. The corresponding reduced variance (K) 
values increased from 1.50 to 5.30. There was 

a clear, progressive increase in flood magnitude 
with longer return periods, reiterating the need for 
a hydrograph-based approach to assess flood risk 
and design hydraulic infrastructure. Figures 9 and 
10 illustrate the hydrographs generated from the 
2010 flood event for the different return periods.

Model calibration and validation

In accordance with U.S. Following the Army 
Corps of Engineers guidelines and Moriasi 
(2007), the HEC-RAS model was validated and 
calibrated using the NSE, PBIAS, RSR, R², and 
correlation coefficient (CEIWR-HEC, 2023; Mo-
riasi et al., 2007). Brunner (2016) and Goodell 
(2014) suggested a normal-depth condition im-
posed at the downstream boundary (computed 
using Manning’s equation) when the boundary is 
sufficiently far downstream to reduce backwater 
effects (Brunner, 2016; Goodell, 2014).

During calibration, strong agreement be-
tween the observed and simulated flow for the 
2010 flood hydrograph resulted in NSE = 0.92, 
PBIAS = 2.07%, RSR = 0.28, R² = 0.91, and cor-
relation coefficient = 0.95. Model validation with 
the 2006 flood NSE = 0.95, PBIAS = 1.13%, RSR 
= 0.20, R² = 0.95, and correlation coefficient = 
0.97 also confirmed the robust calibration. Both 
datasets satisfied the performance benchmarks, 
confirming their strong predictive accuracy.

Table 1. Ranking of probability distributions after GOF statistical test using EasyFit

Distributions
Anderson Darling Kolmogorov Smirnov

Statistics Rank Statistics Rank

GEV 0.16859 1 0.09727 2

Lognormal 3P 0.17945 2 0.09169 1

Lognormal 0.29258 3 0.15999 4

Gumbel Max 0.34863 4 0.14256 3

Normal 0.83524 5 0.19396 6

Note: GOF – goodness-of-fit, GEV – generalized extreme value.

Table 2. Flood magnitudes for different return periods estimated using GEV

Probability distribution Return period Reduce variance K Chashma Q m3/sec Taunsa Q m3/sec

GEV

5 1.50 16389 14998

25 3.20 23253 21139

50 3.90 26095 23683

100 4.60 28917 26207

200 5.30 31728 28723

Note: GEV – generalized extreme value.
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The optimized Manning’s roughness coeffi-
cients of the main channel and floodplains were 
0.027 and 0.055–0.040, respectively. The minor 
discrepancies in peak timing were due to unmod-
eled hill-torrent inflows, localized runoff, and infil-
tration. The observed and simulated Taunsa hydro-
graphs for calibration and validation are compared 
in Figures 11 and 12, and the statistical perfor-
mance metrics are presented in Table 3. 

Extreme flood simulation and 200-year 
scenario analysis

HEC-RAS model calibration enabled the sim-
ulation of a 200-year return period flood with peak 

discharges of 31,728 and 28,723 m³/s at Chashma 
and Taunsa, respectively. When compared with 
the 2010 flood, areas which the flood simulation 
predicted would be inundated were much larger, 
at 3785 km² for the Chashma–Taunsa reach and 
5101 km² for the Taunsa–Kot Mithon reach. MO-
DIS imagery captured in 2010 shows an extent 
of 2995 km² of flooding in the Chashma–Taunsa 
reach, while the Taunsa–Kot Mithon reach shows 
an extent of 3030 km² (Figure 13). HEC-RAS 
simulation, on the other hand, estimated flood-
ing extents of 3286 km² and 3185 km² for the 
respective reach, indicating a slight overestima-
tion. Although the model produced 8.86% 4.87% 
overestimations in the Chashma–Taunsa and 

Figure 9. Discharge hydrographs for Chashma barrage at different return periods

Figure 10. Discharge hydrographs for Taunsa barrage at different return periods
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Taunsa–Kot Mithon reaches, respectively, this 
confirms the model’s reliability for simulating ex-
treme flood scenarios and indicates its validation.

The model’s 200-year scenario predicted a 
further 20.87% and 40.60% increase in inundated 
area over 2010 conditions for the Chashma–Ta-
unsa and Taunsa–Kot Mithon reaches, respective-
ly (Table 4). This finding suggests that the flood-
plains and floodplain wetlands adjacent to these 
river reaches exhibit profound differences in hy-
drologic response. This behavior, particularly the 
larger relative increase in Taunsa–Kot Mithon, 

suggests the possible predominance of Taunsa’s 
floodplain in the hydrologic response of the entire 
reach. This suggests that floods have considerably 
large spatial variability.

To generate a continuous inundation profile 
across the Chashma–Kot Mithon corridor, flood 
maps for individual reaches were mosaicked and 
refined for city-scale analyses focusing on Layyah 
and Muzaffargarh, where Union Councils (UCs) 
were assessed under the 200-year scenario. As 
illustrated in Figure 14, flood depths across the 
study area ranged from 0 to 17 m, whereas flow 

Figure 11. Observed vs. simulated hydrographs at Taunsa upstream for 2010 flood

Figure 12. Observed vs. simulated hydrographs at Taunsa upstream for 2006 flood

Table 3. Calibration and validation using statistical performance metrics

Model performance parameter
Results of statistics

Model performance rank
NSE PBIAS % RSR R2 Correlation 

coefficient
Calibration (2010 year) 0.92 2.07 0.28 0.91 0.95 Good

Validation (2006 year) 0.95 1.13 0.2 0.95 0.97 Good
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velocities varied between 0 and 4 m/s, reflecting 
significant spatial heterogeneity in inundation ex-
tent, depth, and hydraulic intensity.

In the 2010 MODIS observation, Layyah 
and Muzaffargarh had 1276 km² and 1755 km² 
of flood area, respectively, which under the 200-
year scenario, increased to 1420 km² (increased 
10%) and 1968 km² (increased 11%), respectively 
(Table 5). In Muzaffargarh, the increased flood 
area remained larger; however, in both districts, 
the area of flooding was comparable in relative 
terms. This illustrates the extent of floodplain in-
undation during extreme events. Flood depth and 
velocity maps for Layyah and Muzaffargarh are 
presented in Figures 15 and 16, respectively, with 
the UC boundaries overlaid.

In Layyah, flood depths in low-lying depres-
sions were greater than 11 m, and high-velocity 
flows (>2 m/s), which are indicative of severe 
erosion, were concentrated along active channels 
and breach paths. In the Muzaffargarh region, 15 
m flood depths and 4 m/s flood velocities imposed 
severe conditions on socio-economically vulner-
able and densely populated regions.

In the 200-year projection, several UCs are 
expected to submerge entirely. In Muzaffargarh, 
UCs Khangarh Doma, Langar Wah, Rampur, Bet 
Mir Hazar Khan, Beelay Wala, Bakaeni, Darain, 
Ghazi Ghat, Sheikh Umar, Bait Qaim Wala, and 
Hinjraee will be completely inundated, while 
Munhan, Budh, Wains, and Baz Wala will be par-
tially submerged. In Layyah, full submergence 

Figure 13. 2010-year flood at Chashma - Kot Mithon reach: (a) velocity map, (b) depth map

Table 4. Detailed comparison of the results 

Parameter
Reach area (km2)

Chashma to Taunsa Taunsa to Kot-Mithon

Modis area for 2010 flood 2995 3030

Model predicted area 3286 3185

Area under 200-year return period flood 3785 5101

Model predicted % more area vs Modis 8.86 4.87

% Area increase: 200-year return period flood vs. 2010 flood 20.87 40.6
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is expected for Warah Serah, Basira, Basti Sha-
doo Khan, Kotla Haji Shah, Lohanch Nasheb, 
Jhakhar, Sarishtah, Bokhari Ahmed, And Bait 
Wasawa, while Sumita Karor Thal, Sanu Wala, 
Shah Pur, Jaman Shah, And Shumali Pahar Pur 
will be partially inundated.

Model evaluation and comparative context

The findings of this study reinforce the existing 
literature and strengthen the credibility of HEC-
RAS–GIS integration for flood hazard assess-
ment in Pakistan’s river systems. Consistent with 
Ullah et al. (2024) and Khalil and Khan (2017), 
the application of the Generalized Extreme Value 
(GEV) distribution and its confirmed fit using Kol-
mogorov–Smirnov and Anderson–Darling tests 
aligns with best practices for estimating extreme 
discharges. The design discharge of 28,723 m³/s 

for the 200-year return period at Chashma closely 
matched the 29,897 m³/s reported by Khalil and 
Khan (2017), with differences attributable to the 
dataset coverage (2005–2022 versus 1971–2013).

Calibrated Manning’s roughness coefficients 
0.027 for the main channel, 0.055 for the left 
floodplain, and 0.044 for the right floodplain are 
consistent with values reported by Khalil and 
Khan (2017) and Afzal et al. (2022). The model 
performance indicators (R² = 0.91, RSR = 0.28, 
NSE = 0.92 for 2010 calibration; R² = 0.95, RSR 
= 0.20, NSE = 0.95 for 2006 validation) demon-
strated strong inter- and intra-model agreement, 
exceeding most comparative studies in hydrody-
namic modeling and validating the robustness of 
the methodology.

The inflow dataset was sufficient for validat-
ing the predictive capability because the simu-
lated inundation extents closely matched the 

Figure 14. 200-year return period flood at Chashma – Kot Mithon: (a) velocity map, (b) depth map

Table 5. Detailed comparison of results for Layyah and Taunsa

City
Area under flood (km2)

% Increased flood area 200-YRP vs 2010
2010-year flood 200-year flood

Layyah 1276 1420 10

Muzaffargarh 1755 1968 11
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Figure 16. Muzaffargarh under 200-year return period flood: (a) velocity map, (b) depth map

Figure 15. Layyah under 200-year return period flood: (a) depth map, (b) velocity Map
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MODIS-derived observations. Prior studies by 
Khattak et al. (2016) and Salman et al. (2021) 
highlighted terrain resolution and one-dimen-
sional HEC-RAS modelling constraints; how-
ever, this study demonstrates that performance 
can be significantly improved through rigorous 
calibration, satellite-based validation, and statis-
tical augmentation. The observed 40.6% increase 
in floodplain inundation under the 200-year sce-
nario further supports characterizations by Khalil 
and Khan (2017) and Ullah et al. (2024) of the In-
dus floodplain’s sensitivity to extreme discharges.

This integrated flood frequency and hydro-
dynamic analysis represents a comprehensive 
assessment of the extreme flood dynamics along 
the Chashma–Kot Mithon reach. By coupling 
statistical flood estimation with a rigorously 
calibrated and validated HEC-RAS model, this 
study achieved high-resolution predictions of in-
undation extent, depth, and flow velocity under 
both historical and extreme event scenarios. The 
application of robust external validation proce-
dures and widely recognized performance met-
rics strengthens the reliability and credibility of 
these results. These findings establish a critical 
evidence base for data-driven flood risk man-
agement and resilience planning, addressing the 
urgent need within Pakistan’s highly vulnerable 
riverine corridors.

CONCLUSIONS

Flooding in Pakistan’s Indus River remains a 
persistent hydrological and socioeconomic chal-
lenge, yet district-scale hazard assessments are 
limited. This study addressed this gap by applying 
an integrated 1D HEC-RAS and GIS approach to 
the 432 km Chashma–Kot Mithon reach of the 
Indus River, Pakistan. Rigorous calibration and 
validation using hindcasting methods confirmed 
the model’s reliability, with simulated inundation 
extents deviating by less than 9% from the MO-
DIS observations.

Under the 200-year design flood scenario, 
peak discharges reached 31,728 m³/s at Chashma 
and 28,723 m³/s at Taunsa, inundating 3785 and 
5101 km² in the respective reaches, representing 
increases of 20.9% and 40.6% over the 2010 su-
perflood. Depth–velocity analysis revealed ex-
treme hydraulic conditions, with depths of up to 
17 m and velocities exceeding 4 m/s, particularly 
in Layyah and Muzaffargarh, where the flood 

hotspots expanded by up to 11%. Union Coun-
cil–level overlays identified high-risk settlements 
concentrated along active flood corridors and in 
embankment failure zones.

The integration of HEC-RAS simulations 
with GIS-based hazard mapping provides a ro-
bust framework for flood risk assessment, emer-
gency planning, and land-use regulation in the 
Indus Basin. Remote sensing data (MODIS and 
Landsat) were effective for parameter optimi-
zation and model validation. Future research 
should incorporate 2D hydraulic modeling, so-
cioeconomic vulnerability assessments, and cli-
mate-driven hydrology forecasts to support com-
prehensive flood management strategies across 
Pakistan’s river corridors.
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