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ABSTRACT: The Jhelum River Basin in Pakistan has experienced recurrent and severe flooding over the past several
decades, leading to substantial economic losses, infrastructure damage, and socio-environmental disruptions. This
study uses multi-temporal satellite remote sensing data with historical hydrological records to map the spatial and
temporal dynamics of major flood events occurring between 1988 and 2019. By utilizing satellite imagery from Landsat
5, Landsat 8, and Sentinel-2, key flood events were analyzed through the application of water indices such as the
Normalized Difference Water Index (NDWI) and the Modified NDWI (MNDWI) to delineate flood extents. Historical
discharge data from key hydrological control points, including Mangla Dam and Rasul Barrage, were incorporated to
validate and interpret flood intensity and inundation patterns. Flood footprints were extracted and mapped using pre-
and post-flood images in Google Earth Engine, while land use and land cover (LULC) analysis revealed a consistent
increase in built-up areas and a corresponding decline in vegetative cover in flood-prone tehsils from 1988 to 2023.
Findings indicated that the flood years 1992 and 1997 were the most catastrophic, with over 180 km2 of land submerged. A
substantial proportion of inundated zones consisted of agricultural land and low-lying urban settlements, underscoring
the vulnerability of these areas. This study proved the effectiveness of integrating satellite imagery and historical
hydrological data for spatio-temporal flood monitoring and provides essential insights for future flood risk assessment
and the development of site-specific mitigation strategies in vulnerable areas of the Jhelum River Basin.

KEYWORDS: Flood mapping; land use/land cover change; remote sensing; NDWI; MNDWI; random forest classifi-
cation; GIS; Jhelum River Basin

1 Introduction
Floods are among the most devastating natural disasters, causing significant socio-economic losses,

environmental degradation, and loss of life worldwide [1,2]. The increasing frequency and severity of flood
events have been closely linked to climate change [3,4] and rapid urbanization [5], which alter natural
hydrological systems, reduce infiltration capacity, and intensify surface runoff, and exacerbate the flood
events [6,7]. Developing regions are particularly vulnerable due to inadequate infrastructure, unregulated
land-use change, and institutional constraints, especially limited access to hydrological and spatial data
critical for effective flood management. However, understanding the spatio-temporal dynamics of floods is
crucial for effective risk assessment and the development of mitigation strategies.
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The integration of Remote Sensing (RS) and Geographic Information Systems (GIS) has revolutionized
flood risk assessment by providing high-resolution, real-time data for monitoring and mapping flood-prone
areas [8]. Tools such as the Normalized Difference Water Index (NDWI) and Modified NDWI (MNDWI) are
widely applied to delineate water bodies and flood inundation extents, particularly in regions with limited
ground-based observations [9]. Concurrently, machine learning classifiers like Random Forest (RF) are
increasingly applied for land use/land cover (LULC) classification due to their accuracy, scalability, and ability
to handle complex datasets [10,11]. These technologies enable the analysis of land use and land cover (LULC)
changes over time, which is essential for understanding the impact of human activities on flood vulnerability.
Previous studies have demonstrated that urban expansion and deforestation significantly alter hydrological
responses, increasing surface runoff and reducing natural water retention capacities [12–15].

Pakistan, home to the world’s fifth-largest population, currently stands at approximately 220 million
and is projected to exceed 250 million by 2025, maintaining an annual growth rate of 2.8% [16]. Historically,
the nation has faced substantial flood-related challenges, experiencing nearly 19 major flood events over
the past six decades [17]. These events have collectively inundated an estimated 594,700 square kilometers,
impacted over 166,000 communities, and resulted in direct economic losses totaling approximately $30
billion [18]. Furthermore, the human toll has been considerable, with more than 10,600 lives lost during
this period. Although floods are inherent to natural hydrological cycles and cannot be completely averted,
their impacts can be significantly reduced through proactive planning and the application of mitigation
strategies. A growing body of research emphasizes that comprehensive flood risk management encompassing
both structural interventions (e.g., levees, dams) and non-structural approaches (e.g., zoning, early warning
systems) is critical in minimizing vulnerability and reducing damages to manageable levels. In regions like
the Jhelum River Basin, floods are recurrent due to complex interactions between natural and anthropogenic
factors. The basin has experienced significant LULC changes, including deforestation, agricultural expansion,
and urban development, which have exacerbated flood risks [19]. Despite these risks, there remains limited
spatially explicit research that holistically examines the interplay of flood events and long-term land-use
transitions using integrated hydrological and remote sensing datasets.

To evaluate areas susceptible to flooding, researchers employ a range of analytical models. As high-
lighted in [20], traditional flood hazard mapping approaches are often constrained by the lack of sufficient
and reliable data, particularly in resource-limited regions. These conventional techniques typically rely
on comprehensive data acquisition processes, which are not only costly and labor-intensive but are also
frequently inaccessible at local or regional scales. In contrast, the application of GIS and remote sensing
technologies has become increasingly valuable for flood risk assessment, spatial forecasting, and zoning.
Given that natural hazards like floods are inherently spatial in nature, GIS offers a robust platform for
handling and analyzing large-scale geospatial datasets necessary for accurate flood modeling [21]. Effective
management of flash floods requires integrated modeling of hydrological, meteorological, and topographic
characteristics within a catchment area. This integrative approach is especially useful in catchments like
Jhelum, where cross-boundary coordination is limited and institutional capacity is fragmented.

The utilization of historical hydrological data, combined with RS and GIS, offers a robust framework for
spatio-temporal flood analysis. This integrated approach allows for the assessment of flood trends over time,
identification of vulnerable regions, and development of effective mitigation strategies [22]. For instance,
multi-criteria decision analysis (MCDA) integrated with RS and GIS has been employed to delineate flood
risk zones, providing valuable information for disaster management. The present study addresses this critical
research gap by combining historical flood extent mapping (using NDWI and MNDWI), RF-based LULC
classification, and discharge trend analysis to evaluate urbanization-driven flood vulnerability over a 35-year
period in the Jhelum River Basin. Specifically, the study aims to: (i) quantify multi-decadal LULC changes
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in flood-prone tehsils; (ii) map flood inundation extents from 1988 to 2023; (iii) assess discharge trends
using data from Mangla Dam and Rasul Barrage; and (iv) evaluate the spatial overlap between flood zones
and urban expansion. The novelty of this research lies in its integration of multi-source data and spatial
techniques to produce a temporal narrative of flood exposure and land-use pressures in one of Pakistan’s
most sensitive river basins. The findings offer practical guidance for urban planners, disaster managers, and
policymakers, and present a replicable methodological framework applicable to other flood-prone regions
with similar geospatial and institutional constraints.

2 Materials and Methods

2.1 Study Area
The study focuses on a 328.736 km segment of the Jhelum River, extending downstream from Mangla

Dam to Trimu Barrage, within the expansive Jhelum River Basin, which spans approximately 33,500 km2.
This basin exhibits a complex geomorphology, transitioning from the rugged Himalayan foothills in the
north to the fertile alluvial plains of Punjab, shaping its hydrological dynamics. The Neelum and Poonch
Rivers, two major tributaries, play a crucial role in modulating the basin’s flow regime and flood susceptibility
(Fig. 1).

Figure 1: Geographic extent of the study area within Punjab Province, Pakistan, encompassing the Jhelum River and
its tributaries, along with key infrastructure (Mangla Dam, Rasul and Trimmu Barrages) and designated flood-prone
areas
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Climatically, the basin experiences a broad spectrum ranging from temperate conditions in the northern
highlands to semi-arid and arid zones in the southern reaches. Seasonal variations are pronounced, with
a dry winter (November–February), an intensely hot spring (March–May), and a monsoon season (June–
September), which contributes 60%–70% of the annual precipitation. During the monsoon, river discharge
frequently surges beyond 15,000 m3/s, exacerbating flood risks across the region.

Hydrological data from critical monitoring stations, including Mangla Dam and Rasul Barrage, provide
key insights into spatial and temporal variations in river discharge and flood events. To enhance the under-
standing of flood dynamics, this study integrates historical hydrological records, high-resolution remote
sensing data, and advanced modeling techniques. The findings will support the development of data-driven
flood risk assessment and mitigation strategies, contributing to more effective flood management policies.

2.2 Data Sources
This study employed a comprehensive, multi-source data acquisition strategy to facilitate an in-depth

analysis of flood dynamics, risk assessment, and mitigation strategies within the Jhelum River Basin.
Historical flood records spanning 1973–2024 were systematically compiled from three principal agencies:
the Federal Flood Commission (FFC), Water and Power Development Authority (WAPDA), and the
Pakistan Meteorological Department (PMD). These records provided critical insights into flood frequency,
magnitude, and temporal variability, forming the foundation for long-term flood trend analysis.

Hydrological datasets, including river discharge, stage height, and channel geometry, essential for
hydraulic and hydrodynamic modeling, were obtained from the National Engineering Services Pakistan
(NESPAK). Additionally, meteorological parameters, such as precipitation, temperature, and evapotranspi-
ration, were acquired from PMD to examine the relationships between atmospheric conditions and flood
occurrences. All satellite datasets used in this study are publicly available. Landsat imagery was obtained from
the United States Geological Survey (USGS) Earth Explorer (https://earthexplorer.usgs.gov/), and Sentinel-
2 data were sourced from the Copernicus Open Access Hub (https://scihub.copernicus.eu/). MODIS data
were accessed via the NASA Earthdata portal (https://earthdata.nasa.gov/). These datasets are not openly
accessible online but can be obtained upon formal request to the respective agencies. To evaluate the
effectiveness of existing flood mitigation infrastructure, comprehensive data on levees, dams (e.g., Mangla
Dam), and barrages (e.g., Rasul Barrage, Trimu Barrage) were collected from WAPDA and other relevant
authorities. These datasets enabled an assessment of structural resilience and provided a basis for identifying
potential enhancements to flood defense systems.

Furthermore, multi-temporal remote sensing datasets from MODIS, Landsat, and Sentinel-2 satellites
were leveraged to analyze land use and land cover (LULC) dynamics, floodplain modifications, and environ-
mental changes that may exacerbate flood risk. These satellite-derived datasets facilitated the characterization
of landscape features, spatial flood extent, and temporal shifts in flood-prone areas.

To enhance the accuracy and reliability of remote sensing analyses, ground-truth observations were
conducted. These field-based validations provided on-the-ground verification of remotely sensed flood
extents, land use changes, and the structural condition of flood protection measures. This integrative
approach ensured a high-resolution, multi-dimensional understanding of flood dynamics within the Jhelum
River Basin. Table 1 summarizes key parameters including spatial resolution, temporal coverage, spectral
bands used, and data sources. Where applicable, basic statistics were computed to describe the hydrological
dataset characteristics, including discharge values from Mangla Dam and Rasul Barrage.

https://earthexplorer.usgs.gov/
https://scihub.copernicus.eu/
https://earthdata.nasa.gov/
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Table 1: Summary of datasets used in the study with key parameters and statistics

Dataset type Source Spatial
resolution

Temporal range Parameters/Bands
used

Notes/Statistics

Landsat 5 TM USGS earth
explorer

30 m 1988–2011 Bands 1–5, NDWI,
MNDWI, NDVI

20 flood event images,
average cloud cover

< 10%
Landsat 8
OLI/TIRS

USGS earth
explorer

30 m (OLI) 2013–2020 Bands 2–6, NDWI,
MNDWI, NDVI

Used for post-2010
flood events

Sentinel-2 MSI Copernicus open
access hub

10–20 m 2015–2023 Bands 3, 8, 11 (for
NDWI/MNDWI/

NDVI)

Used for high-res
LULC classification

MODIS NASA earthdata 250–1000 m 2000–2023 Daily surface
reflectance

Ancillary support for
cloud/vegetation

verification
Hydrological

data
WAPDA, FFC,
NESPAK, PMD

– 1973–2022 Discharge, Stage
Height, Rainfall

Peak discharge: Min
= 13,000 ft3/s, Max
= 1,110,000 ft3/s

Ground-truth
data

Field surveys, local
agencies

Point-based
(GPS)

2010, 2014, 2019 Flood boundaries,
inundation points

Used for validation of
flood extent and LULC

classes

2.3 Flood Analysis
Spatio-Temporal Analysis

A comprehensive spatio-temporal analysis of flood occurrences in the Jhelum River Basin was con-
ducted using multi-temporal Landsat 5, Landsat 8, and Sentinel-2 satellite imagery. These satellite platforms
were selected due to their extended temporal coverage and high spatial resolution, which are critical for
accurately capturing flood dynamics over time. The Normalized Difference Water Index (NDWI) [23] and
its improved form, the Modified NDWI [24], are widely used for mapping surface water and flood extents.
MNDWI enhances accuracy in urban and turbid areas by reducing the misclassification of built-up land
common with NDWI, which incorporates the shortwave infrared (SWIR) band. The analysis began with
the selection of cloud-free images for each flood event, ensuring minimal atmospheric interference and
consistency across datasets. For each event, pre-flood and post-flood satellite images were selected, allowing
a direct comparative assessment of flood-induced changes in water extent. To enhance data consistency,
all selected images underwent atmospheric correction and radiometric normalization to mitigate sensor-
specific discrepancies and temporal variations.

NDWI and MNDWI were computed using the following formulas [25,26]:

NDWI = G + NIR
G + NIR

(1)

MNDWI = Green − SWIR2
Green − SWIR2

(2)

where NIR is the reflection in the near-infrared spectrum, GREEN is the reflection in the green range
spectrum, SWIR is shortwave infrared. These indices were processed using Google Earth Engine (GEE), a
cloud-based geospatial analysis platform that enables scalable and efficient remote sensing computations.
The NDWI and MNDWI values were thresholded within a range of 0.1 to 1.0 to identify flood-inundated
areas, based on empirical trials across different flood events and satellite scenes. The lower threshold of
0.1 was selected as it effectively minimized commission errors in non-water regions, while values greater
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than 0.1 consistently corresponded with observed flood extents in the imagery. To validate the accuracy of
water body classification, ground-truth points were collected from flood-affected regions through field visits
and consultations with local disaster response teams during and after major flood events. These reference
points were then compared with the classified flood extents derived from remote sensing to assess agreement.
Ground-truth data were collected through field visits to affected tehsils. These data included GPS-based flood
inundation areas coordinates and recorded observations of inundated structures, croplands, and roadways.
In instances where direct access was limited, proxy validation was performed using data from local disaster
management offices, eyewitness accounts, and flood reconnaissance reports issued by the Federal Flood
Commission (FFC). The study encompassed major flood events spanning multiple decades, including the
July 1988, September 1992, August–September 1997, July–August 2010, September 2014, and June 2019 floods.
For each event, the extent of inundation was quantified by comparing classified pre-flood and post-flood
images, enabling an assessment of spatial distribution, flood depth variations, and temporal trends.

To facilitate the visualization of flood-affected areas, ArcGIS was employed to generate high-resolution
flood maps and perform advanced spatial analyses. The classified flood extents were overlaid onto historical
flood records and auxiliary datasets to validate the accuracy of the satellite-derived classifications. Ground-
truth observations, where available, were incorporated to further enhance the reliability of the classification.
The results demonstrated a strong agreement between the remotely sensed flood zones and historical flood
records, confirming the robustness of the classification approach.

By integrating multi-source satellite imagery, advanced geospatial processing (GEE, ArcGIS), and
ground-truth validation, this study provides a comprehensive, high-resolution assessment of flood dynamics
over time. The combined use of Google Earth Engine for automated data processing and ArcGIS for spatial
visualization enabled a systematic, scalable, and reproducible methodology for understanding flood extent,
patterns, and impacts. These findings contribute to the development of improved flood forecasting models
and risk mitigation strategies for flood-prone regions.

2.4 Flood inundation
Land Use & Land Cover Analysis

This study employed multi-source satellite imagery to assess spatiotemporal variations in land use
and land cover (LULC) within the study area. Historical LULC patterns were extracted using Landsat 5
Thematic Mapper (TM) imagery at a 30-m resolution, while contemporary classifications relied on Landsat
8 Operational Land Imager/Thermal Infrared Sensor (OLI/TIRS) imagery, maintaining the same spatial
resolution. To enhance classification accuracy and spatial detail, Sentinel-2 Multi-Spectral Instrument (MSI)
imagery with a 10-m resolution was incorporated. All datasets were obtained from the Copernicus Open
Access Hub and the United States Geological Survey (USGS) Earth Explorer.

Preprocessing of satellite imagery was conducted within the Google Earth Engine (GEE) platform to
ensure consistency and minimize atmospheric and radiometric distortions. Cloud and shadow masking
were applied using the Quality Assessment (QA) bands from Landsat and Sentinel-2 datasets to eliminate
atmospheric noise. The Dark Object Subtraction (DOS) technique was used for atmospheric correction,
mitigating scattering effects and ensuring spectral consistency across images. Radiometric normalization was
performed to address inter-sensor variability and differences in illumination conditions across acquisition
periods, enhancing the comparability of multi-temporal datasets.

A supervised classification approach using the Random Forest (RF) algorithm was adopted for LULC
classification, a widely recognized machine learning technique in remote sensing due to its high classification
accuracy and robustness in handling high-dimensional data [27,28]. Training samples were collected through
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the visual interpretation of high-resolution Google Earth imagery to ensure homogeneity within class
categories. The classification scheme included four major LULC categories: barren land, water bodies (e.g.,
lakes, rivers, and reservoirs), agricultural land, and built-up areas. To improve class separability, spectral
indices such as the Normalized Difference Vegetation Index (NDVI) and the Normalized Difference Water
Index (NDWI) were computed and integrated into the classification model. NDVI was particularly useful
for distinguishing vegetated areas from non-vegetated surfaces, while NDWI enhanced the identification of
water bodies. The trained Random Forest classifier was applied to preprocessed images, generating classified
LULC maps. For each classified year, training samples per class were manually digitized using true color
Earth imagery and local land cover knowledge, resulting in a total of over 600–800 samples per year. The
training points were evenly distributed across the spatial extent of the study area to ensure representative
sampling of each LULC category, particularly in heterogeneous regions near urban-rural boundaries. To
validate classification accuracy, an independent set of 20% random points was selected, and used to assess
classification accuracy, with standard metrics including user accuracy to evaluate model performance.

To analyze LULC changes over time, a post-classification comparison approach was implemented.
Classified maps derived from Landsat 5, Landsat 8, and Sentinel-2 datasets were systematically compared to
detect land cover transformations and spatial distribution shifts across different periods. Transition matrices
were generated to quantify LULC category conversions, revealing trends such as urban expansion, shifts in
agricultural land, and variations in water body extents. The results were visualized through thematic maps
and graphical representations to illustrate both spatial and temporal dynamics in land use patterns.

Computational efficiency and analytical robustness were ensured by integrating multiple geospatial pro-
cessing tools. Google Earth Engine (GEE) facilitated large-scale image processing, classification, and change
detection, while ArcGIS was used for post-classification mapping, geospatial visualization, and accuracy
assessment. Python scripting was employed to automate data extraction, transition matrix computation, and
statistical analysis. The integration of multi-resolution, multi-temporal satellite data with advanced machine
learning-based classification techniques provided a comprehensive framework for LULC monitoring. The
findings contribute to a deeper understanding of how land cover changes influence hydrological processes
and flood risk, thereby informing sustainable land management and flood mitigation strategies.

3 Results

3.1 Spatio-Temporal Patterns of Floods
This section presents a long-term spatio-temporal assessment of flood inundation patterns over 35

years using integrated NDWI/MNDWI indices, offering a detailed perspective rarely applied to the Jhelum
River Basin. The spatio-temporal analysis of flood events from 1988 to 2019 (Fig. 2) highlights a progressive
increase in flood extent and variability, reflecting both hydrological extremes and anthropogenic influences
within the Jhelum River Basin. The blue shade in Fig. 2 shows the flood inundation within the Jhelum River
Basin, starting from the Rasul Barrage to Mangle Dam. The pre-flood maps (A, C, E, G, I, K) represent
conditions before inundation, while post-flood maps (B, D, F, H, J, L) illustrate flood extents delineated using
NDWI and MNDWI indices. The flood mapping results were validated using GPS-referenced ground-truth
points collected during the 2010, 2014, and 2019 flood events. The classification achieved a user’s accuracy of
89%, confirming the high reliability of NDWI/MNDWI thresholding for delineating inundated areas across
multiple flood years. Compared to previous studies that relied solely on rainfall-runoff models, e.g., [22], this
study’s use of spectral indices provided a rapid, high-resolution delineation of flood spread without requiring
ground calibration, which is ideal for data-scarce regions.
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Figure 2: Spatio-temporal flood inundation in the Jhelum River Basin. The left column (A, C, E, G, I, K) shows pre-
flood conditions, while the right column (B, D, F, H, J, L) illustrates post-flood inundation for 1988, 1992, 1997, 2010,
2014, and 2019
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Fig. 3 represents the flood distribution area during the study period. The 1988 flood exhibited a
moderate expansion in flood extent, increasing from 27.89 to 72.71 km2, with agricultural lands and low-lying
settlements most affected. The 1992 flood, however, recorded the largest flood extent, surging from 58.95 to
181.02 km2, significantly surpassing historical floodplains. The 1997 flood followed a similar trajectory, with
water extent increasing from 19.26 to 161.07 km2, suggesting that land-use modifications may have amplified
flood severity.

Figure 3: Flooded area distribution of different flood events

Post-2010 flood events exhibited distinct spatio-temporal patterns, characterized by localized but severe
urban inundation. The 2010 flood (Fig. 2G–H) expanded from 24.96 to 107.25 km2, with prolonged water
retention in low-lying agricultural zones, emphasizing the role of drainage inefficiencies. The 2014 flood
showed a smaller pre-flood extent (11.97 km2) but expanded significantly post-flood to 102.11 km2, with
urban infrastructure and transport networks experiencing severe waterlogging. The 2019 flood, while less
extensive than previous major events, showed an increase from 26.55 to 90.72 km2, with urbanized floodplain
regions demonstrating heightened vulnerability due to impervious surface expansion and inadequate
drainage systems.

The progressive expansion of flood extent and shifting flood dynamics across the study period highlights
three critical trends: (1) a steady increase in flood frequency, (2) a transition from purely hydrological to land-
use-driven flood impacts, and (3) an escalating risk to urban settlements. The most extreme flood events
(1992, 1997) exhibited extensive floodplain expansion, while post-2010 floods (2010, 2014, 2019) showed
highly localized but severe urban flood risks. These patterns indicate that climate variability, anthropogenic
encroachments, and inadequate flood control measures collectively exacerbate flood severity.

The findings underscore the critical need for integrating remote sensing-based flood prediction, real-
time hydrological monitoring, and urban flood risk assessment. Given the increasing recurrence of extreme
flood events, strengthening floodplain zoning policies, nature-based flood defenses, and AI-driven predictive
flood models will be essential for mitigating future flood risks and enhancing disaster resilience in the Jhelum
River Basin.

Fig. 4 presents the time series of peak discharge at Mangla Dam (1973–2022), illustrating significant
inter-annual variability in river discharge magnitudes. The dataset highlights extreme hydrological events,
with certain years exhibiting exceptionally high peak flows, primarily due to intense monsoonal rainfall,
glacial melt contributions, and changing climatic patterns.
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Figure 4: Peak flow at mangla dam

The highest recorded peak flow occurred in 1992, reaching 1,110,000 ft3/s, following record-breaking
monsoon precipitation and extreme upstream runoff, which resulted in severe flooding across the basin. This
peak discharge far exceeded historical averages, indicating an unprecedented hydrological event. Another
significant peak flow was observed in 1997, with a discharge of 580,000 ft3/s, followed by another extreme
event in 2014, when peak flow reached 700,000 ft3/s, likely due to prolonged heavy rainfall and excessive
catchment runoff. In contrast, the lowest recorded peak discharge occurred in 2022, with only 13,000 ft3/s,
reflecting a significant reduction in high-flow events in recent years.

While peak discharge fluctuates considerably, the trend over the study period suggests a gradual decline
in extreme flood magnitudes. The years prior to 2000 exhibited more frequent and intense high-flow events,
whereas post-2000 data show a reduction in peak discharge, which may be attributed to improved flood
control infrastructure, evolving precipitation patterns, and water management strategies. However, isolated
high-discharge events in 2010 and 2014 suggest that extreme hydrological occurrences persist, possibly
influenced by climate change and increased glacial melt contributions. The analysis revealed that 1992 and
2014 were the most severe in terms of spatial flood extent, each affecting over 300 km2. Notably, flood-prone
zones demonstrated high recurrence, particularly in low-lying regions of Sohawa and Jhelum tehsils.

The implications of these trends are critical for flood risk management and reservoir operations at
Mangla Dam. The recurrence of high peak discharges above 400,000 ft3/s, particularly in 1992, 1997, and
2014, emphasizes the necessity for adaptive spillway operations and enhanced flood regulation strategies.
Conversely, the reduction in peak flows after 2020 raises concerns regarding reservoir storage management,
particularly in balancing flood mitigation, irrigation demands, and hydropower generation.

With shifting hydrological patterns influenced by climate variability and anthropogenic modifications,
there is a growing need for integrated water resource management. Strengthening early warning systems,
advancing hydrological modeling, and reassessing dam capacity under future climate scenarios will be
essential in ensuring flood resilience and sustainable water resource allocation in the Jhelum River Basin.

Fig. 5 illustrates the time series of peak discharge at Rasul Barrage, highlighting both seasonal variations
and long-term trends in river discharge at this key downstream control point. Like Mangla Dam, the
hydrograph for Rasul Barrage exhibits a distinct seasonal pattern, with peak flows occurring primarily
between July and September, coinciding with monsoonal rainfall and increased upstream runoff. Conversely,
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the lowest flows are consistently observed during winter and early spring (December–April), reflecting
minimal precipitation and reduced glacial melt contributions during the dry season.

Figure 5: Peak flow at rasul barrage

While the seasonal trend at Rasul Barrage parallels that of Mangla Dam, the magnitude of peak flows
differs significantly due to upstream flow regulation. The highest recorded peak discharge at Rasul Barrage
occurred in 1992, reaching approximately 950,000 ft3/s, following extreme rainfall and high upstream inflows.
This is notably lower than the 1,110,000 ft3/s recorded at Mangla Dam, indicating flow attenuation due to
reservoir storage and controlled releases at Mangla before water reaches Rasul. Similarly, in 1997, peak flow
at Rasul Barrage was approximately 580,000 ft3/s, following heavy monsoon precipitation, whereas Mangla
recorded a similar peak of 580,000 ft3/s, suggesting limited attenuation during this event.

Despite the overall dampening effect of Mangla Dam on peak flows, certain years exhibit similar
discharge magnitudes at both locations. For instance, in 2014, Mangla Dam recorded a peak discharge
of 580,000 ft3/s, while Rasul Barrage measured 550,000 ft3/s, indicating that during periods of near-
capacity storage at Mangla, controlled releases may closely match inflows, reducing the disparity in peak
flows downstream. In 2022, a significantly lower flood event was observed, with Mangla registering only
13,000 ft3/s, while Rasul recorded 10,000 ft3/s, reflecting a subdued hydrological response across the system.

The long-term trend in peak flow magnitudes at Rasul Barrage suggests a shift in flood dynamics,
with a decline in extreme peak flows compared to pre-2000 events. While historically, peak discharges
exceeded 400,000 ft3/s more frequently, recent decades have exhibited fewer extreme flood events, likely
due to improved flood control measures, changes in precipitation regimes, and evolving reservoir man-
agement strategies. However, isolated high-flow events, such as in 2010 and 2014, indicate that extreme
hydrological occurrences persist, potentially driven by climate variability, increased glacial melt, and shifting
monsoon patterns.

The differences in peak flow magnitudes, time lags in peak discharge, and the role of upstream regulation
at Mangla Dam underscore the complex interactions between reservoir operations and downstream flood
dynamics. While Mangla Dam provides critical flood attenuation, the increasing recurrence of high peak
flows at Rasul Barrage in certain years highlights the need for coordinated water management strategies
to optimize flood mitigation, maintain water availability, and minimize downstream flood risks. Given the
increasing frequency of extreme weather events, strengthening real-time hydrological monitoring, predictive
flood modeling, and adaptive reservoir management will be essential for ensuring long-term water security
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and flood resilience in the Jhelum River Basin. In addition to historical drivers, projected climate shifts
including intensified glacial melt and altered monsoon cycles are expected to further exacerbate flood risks in
the basin. Incorporating such projections into flood models will be critical for long-term resilience planning.

Fig. 6 indicates that the annual flood peaks at Trimmu Barrage from 1940 to 2022 exhibit a statistically
significant decreasing trend, as confirmed by the Mann-Kendall test (p-value = 6.67 × 10−5, Tau = −0.298).
This suggests that, on average, peak discharge values have been declining over the long term. However, the
time series also shows sporadic extreme flood events where discharge rises sharply, demonstrating the poten-
tial for severe flooding despite the overall decreasing trend. Post-2000 analysis reveals no significant trend
(p-value= 0.915), indicating relatively stable discharge variability in recent decades. These findings emphasize
that although the long-term flood peaks are declining, extreme flood events still pose a considerable risk to
flood-prone areas, highlighting the need for effective flood management and mitigation strategies.

Figure 6: Flood peaks at trimmu barrage from 1940 to 2022. Discharge values are plotted at 10-year intervals along
the x-axis to improve temporal clarity. The green dashed line represents the overall trend in peak discharge during the
observed period

3.2 Spatio-Temporal Land Use and Land Cover
The provided maps (Fig. 7) and graph (Fig. 8) from 1988 to 2023 illustrate significant land use and land

cover (LULC) changes in flood-prone tehsils, highlighting the transformation of built-up and vegetative
areas over the years. Green shading shows the vegetation while red shading shows the built-up area (Fig. 7).
Initially, in 1988, according to Fig. 8, vegetative areas constituted about 93.28% of the total land, while
built-up areas accounted for 6.72%. By 1993, there was a slight increase in built-up areas to 7.42%, while
vegetative areas slightly decreased to 92.58%. From 1998 to 2003, there was a continued trend of urban
expansion, with built-up areas increasing from 8.11% to 9.05%, and vegetative areas decreasing from 91.89%
to 90.95%. This period reflects gradual urbanization and the associated reduction in natural vegetative
zones. Between 2008 and 2013, significant urban growth was observed, with built-up areas expanding from
10.07% to 14.10%. Consequently, vegetative areas decreased from 89.93% to 85.90%. This period saw rapid
infrastructure development and increased urban sprawl into vegetative zones. From 2018 to 2023, the trend
of urban expansion continued, with built-up areas increasing to 19.63% and vegetative areas decreasing to
80.37%. This reflects ongoing pressures of urbanization and the conversion of vegetative areas into urban
infrastructure. The graph quantifies these changes, showing a steady increase in built-up areas from 6.72%
in 1988 to 19.63% in 2023. Correspondingly, vegetative areas declined from 93.28% to 80.37%, highlighting
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the impacts of deforestation and urban development over the decades. These changes underscore the
profound impact of urbanization on land use in flood-prone tehsils. The conversion of vegetative areas
into built-up zones reduces the land’s natural resilience and increases vulnerability to flooding. Effective
land management and flood mitigation strategies are crucial to mitigate these adverse impacts and promote
sustainable development and resilience in these regions.

Figure 7: Land use and land cover change from 1988 to 2023 in flood prone tehsil
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Figure 8: Proportional area distribution land use and land cover change in flood prone tehsils

The green areas, representing vegetation, were widespread across the region in 1988. However, by 2023,
a noticeable decline in vegetative cover is observed, particularly in the southwestern and some central
parts of the study area. This indicates land conversion for urban development, agriculture, or other human
activities, leading to a loss of natural ecosystems that previously played a role in flood absorption and
ecological balance. Simultaneously, agricultural land has experienced a significant reduction, decreasing by
approximately 25% over the study period. The loss of farmland is particularly evident along the western
floodplain regions, where encroachment by urban settlements and infrastructure projects has transformed
what was once primarily cropland into residential and commercial zones [29]. This decline in agricultural
land cover is likely to affect local livelihoods and food production while also reducing the natural absorption
capacity of flood-prone areas.

In addition to urbanization and agricultural land conversion, the study reveals a decline in vegetative
and forested areas, with a reduction of 15%–20% in tree cover, particularly near riverbanks and low-lying
wetlands. This loss of vegetation could have long-term consequences for soil stability, groundwater recharge,
and flood mitigation, as natural vegetation plays a crucial role in slowing runoff and reducing soil erosion
during extreme rainfall events. The classification achieved an accuracy of 83% and a user accuracy of 85%
for the LULC maps based on validation using independent samples. The Kappa coefficient was computed at
0.78, indicating substantial agreement between the classified outputs and reference data. The relatively high
accuracy confirms the robustness of the Random Forest classifier, particularly when combined with NDVI
and NDWI as spectral indices.

Interestingly, water bodies and wetland areas have also decreased by approximately 10%, likely due to
urban encroachment, sedimentation, and the diversion of natural watercourses for infrastructure devel-
opment. The reduction in wetlands may have further exacerbated flood risks, as these areas traditionally
function as natural flood buffers by storing excess water during high-flow periods. Overall, the spatial
patterns in LULC change indicate a clear trend of urban expansion at the expense of agricultural and
vegetative land, particularly in low-lying flood-prone areas. This transformation has critical implications for
flood vulnerability, as the loss of permeable surfaces and natural water retention areas increases the likelihood
of surface runoff and urban flooding. The findings highlight the need for sustainable land-use planning and
flood risk management strategies, such as the preservation of green spaces, improved drainage infrastructure,
and strict zoning regulations to prevent excessive construction in high-risk areas. The LULC analysis over
the 35-year period (1988–2023) clearly shows rapid urbanization and a corresponding decline in vegetative
cover, particularly in southern and central areas. These changes have significant implications for flood
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risk, ecological stability, and urban planning, emphasizing the need for sustainable land-use management
strategies to balance development with environmental conservation.

Fig. 8 presents the proportional distribution of land use and land cover (LULC) classes in the flood-
prone tehsil from 1988 to 2023, illustrating the temporal changes in built-up and vegetative areas. The graph
shows a clear and consistent increase in built-up areas (red bars) over the 35-year period, while vegetative
cover (dark green bars) has declined proportionally. The proportion of built-up areas has increased signifi-
cantly from less than 5% in 1988 to nearly 15% in 2023, reflecting an almost threefold rise in urbanization over
the study period. The most rapid expansion occurred between 2008 and 2023, with particularly sharp growth
from 2013 onward. This trend is consistent with increased population density, infrastructure development,
and urban sprawl in the region. Conversely, vegetative cover, which initially accounted for nearly 90% of
the total land area in 1988, experienced a steady decline, dropping to approximately 80% by 2023. While the
reduction may appear moderate in percentage terms, it represents a substantial absolute loss of green areas,
particularly in peri-urban and lowland regions.

This decrease corresponds with land conversion for residential, commercial, and industrial purposes,
as observed in Fig. 7, which highlights significant urban expansion over time. This quantitative analysis
supports the spatial trends observed in Fig. 6, where vegetative land has been replaced by built-up infras-
tructure, particularly in the southern and central parts of the tehsil. The increasing built-up area at the
expense of vegetative cover is especially concerning in flood-prone regions, as the loss of natural vegetation
reduces the landscape’s ability to absorb and slow down surface runoff, exacerbating flood risks. The LULC
changes quantified in Fig. 8 confirm the trend of urban expansion and vegetative cover loss, as depicted
in Fig. 6. The steady increase in built-up areas at the cost of natural vegetation underscores the need
for sustainable land-use planning and flood mitigation strategies. This methodology demonstrates high
replicability for similar basins across South Asia, particularly where satellite data is the only consistent
information source. It also facilitates integration with LULC data to identify land use shifts in flood-prone
areas, unlike static flood zoning models. Moving forward, policymakers and urban planners must focus on
green infrastructure, flood-resilient urban design, and stricter zoning regulations to balance development
with environmental conservation.

3.3 Flood Prone Area Distribution
Fig. 9 illustrates the spatial extent of flood inundation along the river system from Mangla Dam to Trimu

Barrage, highlighting flood-prone regions based on observed and simulated data. The blue-shaded areas
represent regions affected by flooding, while key hydraulic structures, including Mangla Dam (red pentagon),
Rasul Barrage (yellow circle), and Trimu Barrage (green circle), are marked for reference. The flood-affected
areas predominantly follow the course of the river, with extensive inundation observed along the floodplains.
The map indicates that flooding is most severe in the middle and lower reaches of the study area, particularly
downstream of Rasul Barrage and toward Trimu Barrage. This pattern suggests that floodwater accumulates
and disperses over broader floodplain regions as they travel downstream.

Upstream near Mangla Dam, the inundation is relatively contained within the river channel, likely
due to the dam’s regulatory function in controlling water discharge. However, localized flooding may still
occur due to spillovers or extreme precipitation events. Between Rasul Barrage and Trimu Barrage, the
flood extent increases significantly, with wider floodplains experiencing inundation. This is likely due to
a combination of reduced channel confinement, low-lying topography, and contributions from tributaries,
which amplify flood spread. Near Trimu Barrage, in the southern part of the study area, flooding reaches its
peak spatial extent, indicating that downstream floodplains are highly vulnerable to prolonged inundation.
The presence of extensive floodplains allows for floodwater dispersion over a larger area, exacerbating
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potential agricultural and infrastructural damage. Several hydrological and topographical factors contribute
to the spatial variability of flooding along the river system: Reservoir and barrage operations: Mangla Dam
regulates upstream water flow, while Rasul and Trimu Barrages influence downstream discharge patterns.
Floodplain characteristics: Areas with broader floodplains, especially downstream of Rasul and near Trimu
Barrage, exhibit higher flood extents due to the availability of low-lying terrain for water accumulation.
Tributary contributions: Additional inflows from smaller tributaries and local drainage networks likely
contribute to increased flood extents between Rasul and Trimu Barrages.

Figure 9: Flood inundation area from mangla to trimu berrage

The flood inundation patterns depicted in Fig. 8 indicate a progressive increase in flood extent from
upstream to downstream reaches, with the most widespread flooding occurring near Trimu Barrage. These
findings underscore the importance of integrated flood management strategies, combining structural and
non-structural approaches, to mitigate flood risks in the region.

Fig. 10 presents the delineated flood-prone areas within the study region, highlighting regions that are
particularly susceptible to flooding. The light blue-shaded areas represent flood-prone zones, while the dark
blue lines depict the drainage network, including the main river and its tributaries. The map also marks key
hydraulic structures, such as Mangla Dam (red pentagon), Rasul Barrage (yellow circle), and Trimu Barrage
(green circle), which play crucial roles in flood regulation and water management. The flood-prone zones are
predominantly concentrated along the major river and its tributaries, indicating that areas in close proximity
to these waterways are at the highest risk of inundation. The spatial pattern suggests that flooding is not
confined to a single location but is widespread across multiple regions, particularly in low-lying flood plains.
The southern and central portions of the study area exhibit the largest flood-prone zones, highlighting their
increased vulnerability to extreme hydrological events.

Several geographic and topographic factors contribute to the flood susceptibility of these regions:
Proximity to Major Rivers and Drainage Lines: The flood-prone areas closely follow the course of the
main river and its network of tributaries, indicating that high water levels and river overflows are primary
drivers of flooding. Low Elevation and Flat Terrain: The most affected regions are located in low-lying
floodplains, where the relatively flat topography allows for extensive water accumulation and prolonged
inundation. Hydraulic Infrastructure Influence: While Mangla Dam serves as a major flood regulation
structure, its role in controlling downstream flooding is influenced by extreme weather events and high
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inflows. Similarly, Rasul and Trimu Barrages regulate river flow, but their operational capacities may be
exceeded during extreme flood events, leading to downstream flooding. The flood-prone areas identified
in Fig. 10 largely correspond to the flood inundation zones depicted in Fig. 9, confirming the consistency
between hydrological modeling and flood susceptibility analysis. The extensive overlap suggests that regions
historically affected by flooding are also predicted to be at high risk in future flood events. Notably, the
southern part of the study area near Trimu Barrage shows significant flood susceptibility, which aligns with
the flood inundation patterns observed in Fig. 9.

Figure 10: Map of the Jhelum River Basin showing flood susceptible areas, key hydraulic structures (Mangla Dam,
Trimu Barrage, and Rasul Barrage), and drainage lines

Given the widespread distribution of flood-prone areas, effective flood management strategies must
be implemented to minimize potential damage. Early Warning Systems and Monitoring: Continuous
hydrological monitoring and real-time flood forecasting are essential for mitigating risks, particularly in
densely populated and agricultural areas within flood-prone zones. Structural Mitigation Measures: The
construction of levees, embankments, and flood diversion channels may help reduce the extent of inunda-
tion in highly vulnerable regions. Land-Use Planning and Policy Interventions: Restricting infrastructure
development in high-risk flood zones and promoting sustainable land-use practices can help minimize
flood-related damages. The analysis in Fig. 10 highlights the spatial extent and distribution of flood-prone
areas, demonstrating their strong correlation with major river systems, low-lying floodplains, and historical
flood inundation zones. These findings underscore the need for integrated flood management approaches,
combining both structural and non-structural measures, to enhance flood resilience and reduce long-term
disaster risks.

4 Discussion
The spatio-temporal analysis of flood events in the Jhelum River Basin from 1988 to 2023 reveals

significant variability in flood discharge and land use and land cover (LULC) changes. The hydrological
analysis, based on peak discharge at Mangla Dam and Rasul Barrage shows extreme hydrological events,
particularly in 1992 and 1997, with peak flows reaching 1,110,000 ft3/s and 950,000 ft3/s, respectively. These
events were primarily driven by intense monsoonal rainfall and extreme upstream runoff, highlighting
the impact of climatic variability on flood dynamics. The decline in peak discharge post-2000 suggests
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improvements in flood control infrastructure and evolving precipitation patterns, possibly attributed to
regional climate adaptation measures and enhanced water resource management.

The LULC analysis indicates rapid urbanization and a corresponding decline in vegetative cover. The
increase in built-up areas from 6.72% in 1988 to 19.63% in 2023, and the decrease in vegetative areas from
93.28% to 80.37%, highlight the transformation of the landscape. This urban expansion, particularly in low-
lying flood-prone areas, reduces natural resilience and increases vulnerability to flooding. The reduction in
agricultural land and wetland areas further exacerbates flood risks by diminishing natural water retention
capacities. Urban sprawl, especially in peri-urban and flood-prone zones, diminishes the natural retention
capacity of the land, thereby exacerbating flood risks [30,31].

The flood-prone area distribution analysis shows that flooding is most severe in the middle and lower
reaches of the study area, particularly downstream of Rasul Barrage and toward Trimu Barrage. The spatial
extent of flood inundation aligns with flood-prone zones identified in the LULC analysis, confirming the
high vulnerability of these regions. The presence of extensive floodplains and low-lying terrain allows for
widespread water accumulation, exacerbating potential agricultural and infrastructural damage.

This study’s findings line up with and expand upon previous research on the flood risk in the flood-
prone regions. Working upstream from this study area, Ahmad et al. [32] examined extreme precipitation
patterns and their impacts on hydrology dynamics and flood events in the Jhelum River Basin. They found,
as this study did, that overall rainfall amounts were not significantly changing (in fact, they were slightly
decreasing), but the intensity and frequency of 100-year events, or extreme precipitation, were going up, and
those are the sorts of events that lead to flash flooding. Again, we see the alignment of findings here, where
the crazy, intense, heavy rain that we’re experiencing in 2023 over a couple of days is not the same sort of
cumulative rainfall that leads to a 100-year-type event. Other studies conducted in different river basins, like
the Ghagra River Basin, have shown comparable spatio-temporal variability in flood events. One such study
by Cuo [13] looked into the causes for this variability and came up with some interesting findings.

Furthermore, studies conducted in other regions of Pakistan, including Waseem et al. [16], who
undertook an exposure and vulnerability assessment of urban flood risk using AHP and geospatial tech-
niques, found that the increased pace of urbanization in flood-prone areas has substantially raised flooding
vulnerability. They concur with the conclusion of this study that sprawl in topographically low settings,
with or without poor drainage systems, greatly enhances the likelihood of flooding not just during atypical
high-rainfall events but also in the big snowmelt years.

Moreover, investigations carried out by Malik et al. [33] into flood vulnerability in the Jhelum River
Basin has reinforced the understanding that flood risk management necessitates both structural and non-
structural components. These components encompass a range of regulatory, forecasting, and monitoring
systems that feed into a more rigorous real-time flood risk decision-making process, which ultimately helps
in saving lives and property. The case study highlights that much like the combination of surgical and
medical interventions that save lives in the instance of a heart attack, an effective flood risk management
strategy requires the combination of structural (like dams and levees) and nonstructural (like regulatory
and environmental management) approaches. The situation in the Jhelum River Corridor is serious, and the
research implications are instructive for many mountainous basins around the world.

The findings of this study underscore the urgent need for adaptive flood management strategies and
sustainable land-use planning to reduce flood risks in the Jhelum River Basin. The recurrence of high peak
discharges, particularly in the 1992 and 1997 floods, emphasizes the necessity for adaptive spillway operations
and enhanced flood regulation strategies at key hydrological structures, such as Mangla Dam. While flood
control infrastructure has mitigated some flood risks, the decline in peak flows post-2020 raises concerns
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about reservoir storage management. This shift may indicate a change in flood patterns that could impact
the balance between flood mitigation, irrigation demands, and hydropower generation, making it crucial for
flood management strategies to adapt to evolving hydrological conditions.

The transformation of vegetative and agricultural land into urban infrastructure significantly reduces
the landscape’s natural resilience to flooding. As built-up areas replace permeable surfaces, the capacity
of the land to absorb and slow down runoff is diminished, leading to increased surface water flow and
exacerbated flood risks, particularly in urbanized floodplains. Therefore, the integration of effective land
management and flood mitigation strategies is crucial to promoting sustainable development and enhancing
flood resilience. Similar methodologies have shown promising results in other flood-prone regions of
Pakistan. For example, a recent study in Sindh utilized cloud-based platforms and open geospatial datasets to
enhance flood mapping accuracy, demonstrating the scalability and relevance of such approaches for regional
flood impact assessment [34]. Preservation of green spaces, improvement of drainage infrastructure, and
the implementation of strict zoning regulations to limit development in flood-prone areas are essential steps
toward mitigating these adverse impacts.

The widespread distribution of flood-prone areas across the Jhelum River Basin highlights the need
for an integrated flood management approach, combining both structural and non-structural measures.
Structural measures, such as the construction of levees, embankments, and flood diversion channels, can
help reduce the extent of inundation in highly vulnerable regions. However, these should be complemented
by non-structural measures, including the establishment of early warning systems, continuous hydrological
monitoring, and real-time flood forecasting. Such measures are critical for reducing the risk of flood-related
damage, especially in densely populated and agricultural areas. To minimize flood-related damage and build
resilience in the Jhelum River Basin, flood management strategies must be adaptive, inclusive, and forward-
looking, incorporating a combination of structural defenses, land-use planning, and climate-resilient
infrastructure. Implementing these measures will not only reduce flood risk but also support sustainable
urban development, protect local livelihoods, and maintain the ecological integrity of flood-prone areas.

While this study provides valuable insights into the spatio-temporal dynamics of flooding and the
impacts of land-use changes in the Jhelum River Basin, several limitations must be acknowledged. These
limitations primarily stem from data constraints, the scope of the analysis, and the methodologies employed,
which could impact the accuracy and generalizability of the results. Given the rapid pace of climate change,
future flood events may differ significantly in terms of magnitude and frequency from those observed in the
historical dataset. As such, the study’s findings may not fully reflect the evolving nature of flood risk in the face
of climate variability and future hydrological changes [35]. Although the use of the Normalized Difference
Water Index (NDWI) and Modified Normalized Difference Water Index (MNDWI) provided a useful means
of delineating flood extents, these indices are primarily sensitive to surface water bodies and may not
capture all factors influencing flood dynamics. For example, the indices may not account for subsurface
water levels, soil saturation, or groundwater flow, which can significantly influence flood extent, especially
in areas with high groundwater tables. While NDWI and MNDWI are effective in detecting surface water
bodies, they may not provide a comprehensive view of flood dynamics, particularly in areas with complex
hydrological characteristics [36]. However, integrating Synthetic Aperture Radar (SAR) imagery such as from
Sentinel-1, can significantly enhance flood mapping accuracy under cloud cover and in vegetated or urban
areas, effectively addressing the key limitations of optical indices like NDWI and MNDWI, which are
constrained by atmospheric conditions and surface cover heterogeneity.

The study highlighted the impact of urbanization on flood vulnerability, especially the transformation
of flood-prone areas into built-up zones (Fig. 7). The increase in built-up areas of 19.63% between 1988
and 2023 in flood-prone tehsils clearly illustrates unregulated urban sprawl, despite the well-known risk of
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recurring floods in these zones. This pattern of expansion often occurs without proper land-use planning
or enforcement of zoning regulations, placing a growing number of residents and businesses at annual
risk. In the Jhelum River Basin, flood-prone tehsils have seen rapid unregulated urban expansion in recent
decades. Geospatial flood vulnerability assessments demonstrate that almost 5% of the Upper Jhelum Basin’s
floodplains are occupied, affecting approximately 300,000 residents, mainly in areas with informal housing,
high density, and inadequate flood protection infrastructure [37] Historical flood analyses, such as those from
the catastrophic 2010 monsoon floods, link poor land-use regulation and encroachment into floodplains with
severe property damage, infrastructure collapse, and higher loss of life highlighting the direct link between
unplanned development and flood exposure [38]. Another study reported that approximately 40% of the
population experienced displacement due to flooding. The proportion of low-income individuals declined
by 9%, while those with moderate incomes fell by 22%. Nearly half of the respondents (48.7%) reported
a complete loss of income following the flood. Health impacts were also notable, with 83.4% indicating
they had developed an illness or disability post-flood, a sharp rise from 16.4% prior. Additionally, 92.8%
believed that the floods had negatively impacted public health and sanitation in their communities. Food
insecurity increased as well by 22.6% of individuals reported greater difficulty accessing food in the aftermath
of the flood. Alarmingly, 59.9% admitted to having no knowledge of proper evacuation measures before
the event [39]. While the overall decline in peak discharge at Trimmu Barrage suggests a reduction in
average flood intensity over time, the presence of intermittent extreme events indicates that flood risks
remain significant (Fig. 6). The absence of a discernible trend post-2000 further suggests a shift toward more
variable but less predictable flood behavior in recent decades. These findings highlight the continued need
for robust floodplain management and infrastructure planning to mitigate potential damage from episodic
high-flow events.

While the study provides a robust analysis of historical flood events and land-use changes, it does
not fully predict future flood dynamics, especially considering potential climate change scenarios. Climate
change projections suggest that flood patterns may shift in terms of frequency, intensity, and spatial
distribution, but these projections were not incorporated into the study. Future research should integrate
climate change models to better predict future flood occurrences and assess the potential impacts on flood
vulnerability and land-use patterns [40].

Despite these limitations, the study provides a comprehensive analysis of the spatio-temporal dynamics
of flooding in the Jhelum River Basin and the role of land-use changes in flood vulnerability. The findings
offer valuable insights into future flood management strategies and urban planning, although further
research incorporating advanced hydrological modeling, climate change projections, and finer-scale data will
be essential for refining flood risk assessments and improving mitigation strategies. Furthermore, anticipated
climatic shifts including accelerated glacial melt and altered monsoon dynamics are expected to escalate
future flood hazards in the Jhelum Basin. Incorporating these projections into flood modeling frameworks
is crucial for developing resilient and forward-looking mitigation strategies [41].

5 Conclusion
This study has provided a comprehensive analysis of the spatio-temporal dynamics of flood events

and land-use changes in the Jhelum River Basin, utilizing multi-sensor remote sensing data and historical
hydrological records. By embedding such approaches into regional disaster management frameworks, long-
term resilience to extreme hydrological events can be achieved. The analysis revealed that the Jhelum River
Basin has experienced several major flood events over the past few decades, with the most catastrophic years
being 1992 and 1997. During these years, flood extents reached 181.02 and 161.07 km2, respectively, causing
significant damage to agricultural lands and low-lying urban settlements. Notably, flood events in 2010, 2014,
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and 2019 exhibited distinct patterns of localized urban inundation, highlighting the increasing flood risk in
areas with poor drainage infrastructure. The increase in flood extent from 1988 to 2019, from 27.89 km2 to
over 107 km2 in some instances, indicates a clear trend toward more frequent and intense floods in the region.
The study also highlighted a significant transformation in land use and land cover (LULC) over the past 35
years. Built-up areas in flood-prone regions increased from 6.72% in 1988 to 19.63% by 2023, while vegetative
areas declined from 93.28% to 80.37%. The reduction in agricultural land cover by approximately 25% is
particularly notable along floodplain regions, where encroachment by urban settlements and infrastructure
projects has led to increased flood susceptibility. Hydrological data from key monitoring stations, such as
Mangla Dam and Rasul Barrage, indicated a reduction in peak discharge post-2000, suggesting improve-
ments in flood control infrastructure. However, isolated high-discharge events, particularly in 2010 and
2014, demonstrate that extreme hydrological occurrences continue to pose a significant risk. The combined
effects of climatic variability, urbanization, and altered land-use practices require comprehensive, integrated
flood management strategies. Future research should focus on dynamic flood forecasting, integration of
real-time hydrometeorological inputs, and modeling socio-economic exposure and adaptive capacity at finer
spatial scales. This would enhance both the predictive power and policy relevance of flood risk assessments.
Importantly, the proposed spectral index methodology and findings are transferable to other data-limited
basins in South Asia, Sub-Saharan Africa, and beyond. Finally, the study underscores the urgent need to
embed remote sensing tools into regional flood management systems. Forward-looking strategies including
climate-resilient infrastructure, AI-assisted flood prediction, and nature-based solutions, will be vital for
mitigating risks and building long-term resilience in rapidly urbanizing river basins like Jhelum.
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