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Abstract 8

Tarbela Reservoir, one of Pakistan's key irrigation and hydropower sources, has experienced di- 9

minishing live storage due to high sediment generation from the Upper Indus Basin (UIB), over the 10
past three decades. This study monitors sedimentation trends from 1994 to 2023 using Satellite data 11
from USGS STRM, ERA5-Land Climate Reanalysis, FAO's Digital Soil Map of the World, and 12
Global Land Cover dataset. Ground data came from the Surface Water Hydrology Project and Tar- 13
bela Dam Project Library. Using ArcSWAT, a 30-year model was developed for a 102,028 km2 14
area, with 64 HRUs and 26 subbasins to assess spatial heterogeneity. Sensitivity analysis, calibra- 15
tion, and validation were performed using SWAT-CUP and SUFI-2 algorithm showing excellent 16
model performance with 22 parameters. The model achieved R? of 0.89, NSE of 0.84 during cali- 17
bration, and R2 of 0.81, NSE of 0.68 during validation. Model simulations for the Upper Indus 18
Basin at Besham Qila show 78% of precipitation contributes to stream flow, with 61% as surface 19
runoff. July presents peak rainfall, sediment yield, and water flow. Annual surface runoff averages 20
505.35 mm, with upland sediment yields from 5,772.90 to 2,086.09 Mg/ha. Significant in stream 21
sediment deposition (-2,082.52 Mg/ha) heightens flood risks. Decadal sediment yield decreased 22
from 5.9-385.3 tons/ha to 2.7-370.6 tons/ha. Reforestation, terracing, check dams, and sustainable 23
land use practices are recommended to control sediment generation and deposition in Tarbela res- 24
ervoir. Continuous monitoring and stakeholder engagement are essential to maintain reservoir stor- 25

age capacity and hydropower efficiency. 26
Keywords: SWAT; SWAT-Cup; Tarbela Dam; Sedimentation; Upper Indus Basin 27

28
1. Introduction 29

Reservoir serve as open air storage for water withholding sufficient quantity to be drawn off 30
for use. Reservoirs are a critical component of many water supply systems around the world” (Bri- 31
tannica, 2020). Reservoirs constructed normally across the river (Jorgensen, Loffler, Rast, & 32
Straskraba, 2005) and is typically located at the end of a catchment, collecting inflows from various 33
major rivers (Merina, Sashikkumar, Rizvana, & Adlin, 2016). Large dam construction peaked in 34
the 1960s and 1970s, and there are now nearly 60,000 such dams worldwide (ICOLD, 2020). Res- 35
ervoirs and dams are two of the most common engineering management approaches serve various 36
purposes such as with droughts, floods, and water scarcity (Gaupp, Hall, & Dadson, 2015). By 37
releasing water stored during the wet season, reservoirs can potentially cover or reduce water def- 38
icits during the dry and high-demand seasons (Kellner, 2021). Since the construction of dams have 39
they been used to store water for agricultural, industrial, and household purposes (Merina et al., 40
2016). 41

Proceedings of 3rd WAPDA Conference on Applications of Artificial Intelligence for Water Resources Planning and Management


mailto:nausheen.mazhar@lcwu.edu.pk

Proceedings of 3rd WAPDA Conference on Applications of Artificial Intelligence for Water Resources Planning and Management 2 of 16

Hydroelectric dams also serve as an alternative to nonrenewable energy resources, which ac-
count for the vast majority of the world's energy (UCSUSA, 2013). Dams can harvest gravitational
potential energy and use it to generate electricity at low rates. Hydroelectric dams provide 19% of
the world's electricity supply. 30 to 40 percent of the 271 million hectares that are irrigated world-
wide rely on irrigation dams (WWF, 2013). Reservoirs can help prevent downstream flooding by
holding and regulating flow during major flood events (Goel & Jain, 1996; Lindstrom & Grani,
2012). Reservoirs can also be used to balance flow during different weather conditions, such as
decreasing flow during heavy rainfall and increasing flow during droughts (Mukherjee, Veer,
Tyagi, & Sharma, 2007; X. Wang, Shao, & Li, 2003). The filling of reservoirs of large dams has
been known to cause seismic activity due to the physical change incurred in the area where the
reservoir was filled, as well as the dam's activity (Houquin, 2010).

The threat of sedimentation is threatening the world's reservoirs however existing reservoirs
around the world are under threat from what Silvio and Hotchkiss (1995) refer to as ‘insidia solida'.
According to Merina et al. (2016) Natural processes are responsible for reservoir sedimentation.
Rivers and streams within a catchment area are constantly subjected to sediment from runoff, pre-
cipitation, snowmelt, and channel erosion.

The gradual filling of reservoirs with sediment is a major cause of the decrease in perfor-
mance. Dams obstruct the natural movement of sand, soil, and rocks along rivers, preventing them
from reaching their destinations (Annandale, Morris, & Karki, 2016). Because of sediment accu-
mulation and deposition, reservoir sedimentation reduces functional storage capacity (Foteh et al.,
2018; Goel, Jain, & Agarwal, 2002; Vemu & Udayabhaskar, 2010). Regrettably, the accumulation
of sediment deposits causes a plenty of reservoirs to cease functioning (ljam & Al-Mahamid, 2012;
Merina et al., 2016). The buildup of sediment in the reservoir leads to a decrease in its capacity,
disrupts its operational efficiency, and could potentially accelerate the wear and tear of the hydrau-
lic infrastructure situated on the barrage. This, in turn, reduces the effectiveness of its intended
functions and may lead to increased maintenance expenses (Ayele et al., 2021). On the other hand,
human actions and interventions in the upstream watershed exacerbate accelerated reservoir sedi-
mentation. While soil erosion is a result of geomorphological processes, it is primarily driven by
human activities. Rapid population growth, deforestation, inappropriate land cultivation, and un-
checked overgrazing have all accelerated soil erosion, particularly in developing countries around
the world (Abebe & Sewnet, 2014; Merina et al., 2016; Tamene, Park, Dikau, & Vlek, 2006).
Perera, Williams, and Smakhtin (2023) estimate that sedimentation in 47,403 big dams across 150
nations might result in the loss of nearly 26% of water storage capacity by 2050. With some regions
having already lost 13-19%. Countries like Seychelles, Japan, Ireland, Panama, and the UK could
lose the most (35-50%), while Bhutan, Cambodia, Ethiopia, Guinea, and Niger might lose the least
(under 15%). This reduction in water storage will impact things like irrigation, farming, power, and
water supply. Previous research on the Tarbela Reservoir has mostly focused on silt deposition
inside the reservoir or sediment yield prediction. However, detailed evaluations of sediment output
over the Tarbela watershed region are rare. Reservoir sedimentation is a common problem that,
although hard to totally eliminate, may be efficiently controlled by upstream watershed improve-
ments. Understanding the dynamics of sediment output from upstream catchments and reservoir
sedimentation is critical for mitigation measures. In this work, the SWAT model is being used to
examine the sediment yield behavior of the Tarbela Reservoir catchment.

2. Study Area Description and Data Used

2.1. Study Area

Tarbela Dam is one of the largest earth-fill dams in the world (Moiseev, 2000; Nayab
& Faisal, 2018). This dam is built on the Indus River and is situated in Khyber Pakh-
tunkhwa province of Pakistan and is approximately 130 kilometers in the North of Islam-
abad. The construction of the dam started in 1970 and was completed in 1974 by the
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Pakistan’s Water and Power Development Authority (WAPDA). The Tarbela Dam is 91
named after the town of Tarbela, which is located in the districts of Haripur and Swabi. It 92
is located at 34°05'23" N-72°41'55" E (Mazhar et al., 2021). The main dam is an earth core 93
rock fill dam with a length of 2743 metres and a height of 148 metres (Roca, 2012). The 94
length of the Indus River upstream of Tarbela Dam is approximately 1100 km, with a 95
catchment area of approximately 169,645 km2. The majority of the upper Indus Basin area 96
is made up of snow-covered high mountains, while the catchment monsoon area is only 97
10,360 km2 just above Tarbela (Aslam, 1992). It is also the second largest dam in the world 98
in terms of reservoir capacity, which is 11.62 million acre-feet (Nayab & Faisal, 2018). 99
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Figure 1. Study Area (Tarbela dam with its watershed delineate by SWAT model.) 101
3. Material & Methods 102
3.1. Data Used for Sediment Yield Modeling 103

This study's data gathering technique guarantees that complete and reliable inputs 104

are obtained for the analysis and prediction of sedimentation in the Tarbela Reservoir. 105
Secondary and ground-observed data were used to improve the validity and reliability of 106
the results. The key input data for the SWAT model were obtained from global and na- 107
tional sources. Satellite data included a 30-meter resolution Digital Elevation Model 108
(DEM) from USGS SRTM, precipitation and temperature data from ERA5-Land Daily Ag- 109
gregated (ECMWEF Climate Reanalysis via GEE), soil data from the FAO's Digital Soil Map 110
of the World (DSMW), and land cover information from the Global Land Cover dataset at 111
Level 4 for 2009. Ground-observed data from the Tarbela Dam Project, released by the 112
Water and Power Development Authority (WAPDA), comprised discharge data from 113
Besham Qila between 1994 and 2023. Collectively, this diversified information allows for 114
a thorough investigation of sediment dynamics in the reservoir during the last 30 years, 115
confirming the correctness of sedimentation process estimates. The overall methodology 116
adapted in the present study is shown in Figure 2. 117
118
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4. Methodology 119

The study utilized SWAT model to analyze sedimentation this work used numerous 120
datasets to simulate sediment output and reservoir sedimentation in the Tarbela Reser- 121
voir. DEM data was mosaicked and projected to WGS 1984 UTM Zone 43N for hydrolog- 122
ical modeling, which allowed for flow accumulation, watershed delineation, and slope 123
analysis. Streamflow data from Besham Qila (1994-2023) was converted to SWAT-com- 124
patible formats for calibration and validation. Climatic data from ERA5-Land (daily pre- 125
cipitation and temperatures) were processed and structured for SWAT input, allowing 126
the Custom Weather Generator to be activated. Soil data from the FAO's DSMW was ras- 127
terized, cropped, and referenced to fit the research region, and a lookup table of soil prop- 128
erties aided SWAT compatibility. Land use data from the Global Land Cover dataset 129
(2009) were spatially clipped and reclassified to SWAT land use codes, which linked sur- 130
face processes such as runoff and sediment generation to land cover categories. SWAT 131
simulations were calibrated and validated using SWAT-CUP and the SUFI-2 methodol- 132
ogy. Sensitivity analysis was carried out in SUFI-2 utilizing a global sensitivity technique 133
that ranks parameters according to their p-value and t-statistic. Calibration and valida- 134
tion involved comparing real and simulated streamflow data using performance indica- 135
tors like Nash-Sutcliffe Efficiency (NSE), Percent Bias (PBIAS), and Coefficient of Deter- 136
mination (R?). The parameter ranges were adjusted iteratively to improve model perfor- 137
mance within the 95% prediction uncertainty (95PPU) regions. This comprehensive tech- 138
nique enabled accurate simulation of sedimentation dynamics and watershed processes. 139
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5. Results & Discussion 143

The SWAT model calculated yearly sediment output from the reservoir catchment 144
during a 30-year period (1994-2023). 26 subbasins were created within the study regionas 145
a result of the watershed being delineated using USGS SRTM DEM with a 30-meter reso- 146
lution. The thorough elevation data provided by this high-resolution DEM is essential for 147
accurate watershed delineation. The DEM has a large range of elevation, ranging from the 148
lowest point of 433 meters to the highest point of 8496 meters with the average height of 149
3948.40 meters, and the standard deviation of 1227.42 meters. Watershed delineation pro- 150
vides the flow paths, drainage network, hydrological system and the overall geographical 151
area and sub areas. Realistic modeling of runoff, deposition, erosion, and water balanceis 152
essential for the management and planning of the water resources of the region. In the 153
HRU definitions, the features that include at least 25% of a subbasin are considered, with 154
a threshold of 25% applied to LULC, soil type, and slope. This approach ensures that the 155
model incorporates the most crucial land cover and soil classes hence enhancing the 156
model’s accuracy. The gradient was classified as 0-5%, 5-10%, 10-15%, 15-30%, and 30- 157
9999%, thus providing a complete representation of the topographical variation. By ad- 158
hering to the thresholds and ranges of LULC, soil, and slope data, A total of 64 Hydrologic 159
Response Units (HRUs) were defined using unique combinations of land use, soil type, 160
and slope class. This extensive categorization enables the model to take into account a 161
greater number of hydrological variables and interactions within the watershed leading 162
to more precise approximations of runoff, erosion, and other hydrological processes. 163

Table 1. Major Land Use, Soil and Slope classes in study area watershed as per SWAT model do- 164

main. 165
Types Arealacres] %Water Area
LANDUSE

Agricultural-Land-Generic (AGRL) 1747637.33 6.93
Hay (HAY) 625826.73 2.48

Forest-Deciduous (FRSD) 403738.14 1.6
Forest-Mixed (FRST) 130510.62 0.52
Pasture (PAST) 208344.90 0.83
Range-Grasses (RNGE) 11365171.23 45.08
Wetlands-Forested (WETF) 6103.12 0.02
Residential (URBN) 2997.20 0.01
Barren (BARR) 5337471.65 21.17
Water (WATR) 5383920.64 21.35

SOILS

A072-2b (Sandy Loam) 1133038.49 4.49

Be72-2a (Loam) 1764704.35 7
Be72-2¢ (Loam) 962150.94 3.82
Be72-3¢ (Loam) 43048.01 0.17

Be73-2c (Clay) 1387739.21 5.5
Be78-2¢ (Loam) 585542.98 2.32
GLACIER 5011226.13 19.88
I-B-U (Loam) 6870800.72 27.25
[-B-U-2¢ (Loam) 4787242.94 18.99
I-X-2¢ (Loam) 52769.5286 0.21
I-Y-2¢ (Loam) 2558840.72 10.15
Rc40-2b (Loam) 54617.54 0.22
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SLOPE
0-5 791061.51 3.14
5-10 963020.60 3.82
10-15 1091854.03 4.33
15-30 4264672.41 16.92
30-9999 18101113.04 71.8
5.1. SWAT Model Calibration and Validation 166

Calibration of SWAT model parameters is required to ensure that model outputs, 167
such as streamflow and sediment yield, closely match actual data. This stage is critical 168
since each watershed has distinct features determined by elements such as soil properties, 169
land use patterns, and climate conditions. The default parameter choices may not effec- 170
tively represent these local variables, therefore calibration helps to adjust the model to the 171
unique watershed for more trustworthy and realistic simulation results. Calibration of the 172
model also helps to capture specific characteristics of the watershed and enhance the sim- 173
ulation results (Ming et al., 2022). Validation checks the calibrated model against data that 174
have not been used in calibration process. This technique helps the model to make reliable 175
predictions of watershed behavior in a variety of situations, including changes in land use 176
and climate (Paudel et al., 2021). In this study, 22 SWAT parameters influencing snow, 177
glacier melt runoff, groundwater recharge, and evapotranspiration were calibrated (mod- 178
ified) to align simulated results closely with observed data as given in Table 1 This was 179
achieved through sensitivity analysis, supplemented by a review of relevant literature on 180
snow and glaciated mountainous regions (Ahl, Woods, & Zuuring, 2008; Malik, Dar, & 181

Jain, 2022; Pradhanang et al., 2011; Rahman et al., 2013). 182
Table 2. Statistical assessment of simulated and observed model results. 183
Cocfficients Calibration Period (1994-2008) Validation Period (2009-2023)
Observed Simulated Observed Simulated
Mean 2855.13 cms 2890.02 cms
r-factor 0.92 0.71
p-factor 0.68 0.69
R2 2426.66 cms 0.89 244744 cms 0.81
NSE 0.84 0.68
Psias -17.7 -18.1
RSR 0.39 0.57
184

The average flow rate observed during the calibration period was 2426. 66 (cms) as 185
compared to the simulated mean flow which was found to be 2855. 13 (cms), which is 186
slightly overestimated by the model. According to widely recognized hydrologic model 187
evaluation standards as given in Table 3 The model showed "Very good" with a R? value 188
of 0.89, showing a strong correlation between observed and simulated data. The NSE score 189
of 0.84 implies that model simulations were very consistent with observed data, support- 190
ing the "Very good" performance grade. The PBIAS of -17.7% is somewhat exaggerated 191
but still within the less than twenty percent range, suggesting "Very good.”" The RSR value 192
of 0.39 confirms the model's high fit, indicating that mistakes are low relative to data var- 193
iability. The p-factor and r-factor values of 0.68 and 0.92 show that most observed data 194
falls inside the model's uncertainty boundaries, suggesting low prediction uncertainty. 195
During the validation period, the observed mean flow was 2447.44 cms, while the 19
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simulated mean flow was 2890.02 cms, indicating that the model overestimated the flow 197
slightly. The R? score of 0.81 indicates a substantial connection between observed and sim- 198
ulated values, retaining the "Very good" classification. The NSE value of 0.68, although 199
significantly lower than during the calibration period, suggests that the model's perfor- 200
mance is still good, verging on excellent. The PBIAS of -18.1% remains slightly overesti- 201
mated, but it falls within the acceptable "Very good" range. The RSR score rose to 0.57, 202
indicating that errors relative to observed data variability have somewhat risen, but the 203
model fit remains good. During validation, the p-factor and r-factor values were 0.69 and 204
0.71, respectively, showing that the model continues to capture the majority of the ob- 205
served data within its uncertainty bounds, although with somewhat higher prediction 206
uncertainty than during calibration. Overall, it was found that the SWAT model per- 207
formed reasonably well for the Besham Qila River for the calibration and validation pe- 208
riod. The comparison of R?, NSE, PBIAS, and RSR values shows that the calibration of 209

river flow simulation in the model is acceptable. 210
Table 3. SWAT model evaluation criteria based on (Tanteliniaina et al., 2021). 211
Variable Value Performance Rating
NSE (Nash-Sutcliffe Efficiency) >0.65 Very good
NSE 0.54 to 0.65 Good
NSE <0.5 Satisfactory
Psias (Percent Bias) <20% Very good
Psias 20% to 40% Good
Psias >40% Unsatisfactory
R? (Coefficient of Determination) R2>0.7 Very good
R? 0.5<R2<0.7 Good
R? R2<0.5 Satisfactory
Table 4. Water Balance ratio of the watershed. 212
No. Variables Value
1 Streamflow/Precipitation 0.78
2 Baseflow/Total Flow 0.39
3 Surface Runoff/Total Flow 0.61
4 Percolation/Precipitation 0.16
5 Deep Recharge/Precipitation 0.01
6 ET/Precipitation 0.05

The SWAT Check analysis identifies water distribution within the boundaries of the 213
watershed and offers crucial ratios for watershed assessment. These ratios are employed 214
in the management of land use, water resources, erosion, floods, and sustainable ground- 215
water management in watersheds. The importance of contemporary management ap- 216
proaches is also apparent. These ratios should be understood and enhanced by the water- 217
shed managers in order to sustain the water resources and the ecosystem. Table 4 presents 218
the basic parameters of the water balance of the watershed for the assessment of water 219
flow. According to this ratio, 78% of the watershed precipitation contributes to the stream- 220
flow. The surface runoff and the base flow from the river systems indicate that the area 221
receives a lot of rainfall. Base flow, the part of the groundwater that contributes to stream- 222
flow, is 39%. Streamflow during the dry season depends on subterranean water. Surface 223
runoff forms 61% of the total stream flow while runoff coefficient is zero. Direct run off 224
contribution to the streams and rivers during precipitation. It is estimated that as muchas 225
16 percent of the rain seeps into the ground to recharge the groundwater. Percolation 226
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helps in maintaining stable water tables and base flow. The precipitation refills the aqui- 227
fers to one percent only. In watersheds with shallow aquifers, the deep aquifers are not 228
recharged to a great extent. Precipitation loss through evapotranspiration is at 5%. Thisis 229
the amount of water that drains through the soil to evaporate and transpire and is sent 230
back to the atmosphere by evaporation and plant transpiration. 231

Maximum Upland Sediment Yield
d i ) g 5,772.90 Mg/ha

A
Surface Runoff
505.35 mm/yr

Average Upland Sediment Yield
2,086.09 Mg/ha

Instream Sediment Change
-2,082.52 Mg/ha

232

Figure 3. Sediment Dynamics in Watershed: 30-Year SWAT Model Output (1994-2023). 233

Figure 3 demonstrate upland sediment yields range from a maximum of 5,772.90 234
Mg/ha to an average of 2,086.09 Mg/ha. These numbers show a significant loss of sediment 235
from the landscape, which is probably caused by a combination of the region's steep 236
slopes, soil composition, land use, and vegetation cover. The high maximum yield raises = 237
the possibility that some parts of the watershed —possibly deforested or poorly managed 238
agricultural lands—are making a disproportionate amount of sediment (Gashaw et al.,, 239
2022). The watershed shows an instream sediment change of -2,082.52 Mg/ha, which sug- 240
gests that rivers and streams are serving as sinks rather than sources of material. This 241
study demonstrates that sediment fills the stream channels, thus decreasing the water- 242
carrying capacity and enhancing the flood risks. The elevated highest sediment yield em- 243
phasizes the importance of the movement of sediment in watershed hydrology, with ma- 244
jor implications for streams water quality and dam sedimentation. 245

5.2. Spatial Trend analysis of sediment yield over Subbasins for Three Decades 246

The outflow of Upper Indus Basin UIB Watershed is Tarbela reservoir; subbasin sed- 247
iment output changes are particularly notable. As reservoir is located within the subbasin 248
26 so all the sediment from the upper Indus Basin outflow from the Tarbela reservoir some 249
particles remain suspended in the water and some are being deposited creating a under- 250
water Delta so that’s why sediment delivery is crucial to its lifespan and efficacy. The 251
reservoir's location in Subbasin 26 emphasizes the vital role of sediment supply for as- 252
sessing its longevity and operational effectiveness. Sediment deposition can reduce res- 253
ervoir capacity for storage, decrease the efficiency of operation, and eventually shorten 254
the reservoir's usable lifespan. The SWAT model can be used to simulate sediment yield 255
and quantify sediment transport from particular subbasins, as well as examine how such 256
contributions have changed over a period of thirty years. 257
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Figure 4. Average sediment yield spatial trend over three decades.

three decades due to the land use and Land cover changes (LULC), type of soil, and steep-

ness of the land.

5.2.1

Decade_1 (1994-2003)

The first decade (1994-2003) was characterized by high sediment yield in Subbasin 3
with values ranging from 293.9 to 385.3 tons per hectare each decade. The above sediment

yield can be attributed to the presence of a large percentage of AGRL and BARR (Ar-

shad,2024) parcels in the study area with moderate to steep slopes and highly erodible I-
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B-U-2c soils. These components have very significant contributions on the erosion process 268
and transportation of sediment. The other sub-basins of the region including but not lim- 269
ited to 6, 4, 5,1, 17, 16, 19, 21, 23, 24, and 25 have also exhibited increased sediment yield 270
rates of between 215.8 to 293.8 tons per hectare each decade. Characteristics of these sub- 271
basins include intensive land use in agriculture, steepness of slopes, high erodibility of 272
soils such as GLACIER and I-B-U-2c leading to increased sediment yields. Sediment yields 273
are moderate in sub-basins 11, 13, 15, 18 and 22 with values at 143.3 to 215.7 tons per 274
hectare per decade. This is because the area under study has features of low and gently 275
sloping lands with less erosion prone soils, hence the availability of both agricultural land 276
and woods(Arshad,2024) . The subbasins 2, 8, 7, 9, 10, and 14 are considered as the low 277
sediment yielding subbasins with the yields varying between 57.3 to 143.3 tons per hectare 278
each decade. The subbasins have a greater area covered by woods and pastures which 279
are capable of producing ground cover (Arshad,2024). Further, the slope of these sub ba- 280
sins is gently inclined with slope gradients ranging from 0-15 percent and the soils of these 281
sub basins are more authoritative and not easily eroded hence reducing the level of sedi- 282
ment yield. Low sediment yields are seen in subbasins 12, 20, and 26, with yields of 5.9 to 283
57.2 tons per hectare per decade. Such aspects as the presence of large tracts of forestland, 284
gentle slopes of the landscape and soil stability can therefore be associated with this. 285

5.2.2. Decade_2 (2004-2013) 286

Decade two map reveals that subbasin 3 had the highest sediment yield with a range 287
of 300.5 to 382.9 tons/ha/decade. The observed phenomenon can be attributed to steady 288
factors including a high level of land use in agriculture, steep slopes, and highly erodible 289
types of soil (Arshad,2024). The subbasins categorized as having high sediment yield, spe- 290
cifically subbasins 6, 4, 5, 1, 17, 16, 19, 21, 23, 24, and 25, continue to retain their elevated 291
levels of sediment production. This is attributed to the continuous land use and slope 292
characteristics in these subbasins, resulting in sediment yields ranging from 222.2 to 300.4 293
tons per hectare every decade. Subbasins 13, 15, 18, and 22 are still classified as having 294
medium yield, with yields ranging from 145.7 to 222.1 tons per hectare per decade. On the = 295
other hand, subbasins 10, 7, 9, 8, 2, 11 and 14 continue to exhibit low sediment yields, 296
ranging from 57.8 to 145.6 tons per hectare per decade. 297

5.2.3. Decade_3 (2014-2023) 298

During the period from 2014 to 2023, Subbasin 24 experiences a significant change as 299
it transitions into the category of very high sediment production. The sediment yields in 300
this category range from 285.7 to 370.6 tons per hectare each decade. The rise in erosion 301
can be attributed to the combination of intensified agricultural practices, the presence of 302
steep slopes, and the vulnerability of the soil. Subbasin 3 consistently exhibits a signifi- 303
cantly elevated sediment output within a consistent range. Subbasins 6, 4, 5, 1, 17, 16, 19, 304
21, 23, and 25 are classified as high yield, with sediment outputs ranging from 225.5 to 305
285.6 tons per hectare per decade. Subbasins 13, 15, 18, and 22 have medium sediment 306
yields, ranging from 142.0 to 225.4 tons per hectare per decade. The low sediment yield 307
category comprises subbasins 11, 7, 10, 8, 2, and 14, with yields ranging from 75.1 to 141.9 308
tons per hectare per decade. Subbasins 9, 12, 20, and 26 display very low sediment yields, 309
ranging from 2.4 to 75.0 tons per hectare per decade. 310

5.2.4. Overall trend of sediment yield across the three decades 311

The sediment yield during the three decades shows a mixture of stability and varia- 312
bility within the subbasins. Some places maintain their sediment yield categories, while 313
others experience significant increases in sediment yield. Subbasin 3 continuously falls 314
within the "very high" sediment yield category, with a range of 293.9 to 385.3 tons per 315
hectare per decade in Decade 1, 300.5 to 382.9 tons per hectare per decade in Decade 2, 316
and 285.7 to 370.6 tons per hectare per decade in Decade 3. The stability observed can be 317
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attributed to enduring variables such as widespread agricultural land utilization, steep 318
inclines, and erodible soils, which consistently result in elevated erosion rates. Addition- 319
ally, subbasins 6, 4, 5, 1, 17, 16, 19, 21, 23, and 25 constantly maintain significant levels of 320
sediment deposition in all the decades. In Decade 1, the range is between 215.8 and 293.8 321
tons per hectare per decade. In Decade 2, the range is between 222.2 and 300.4 tons per 322
hectare per decade. In Decade 3, the range is between 225.5 and 285.6 tons per hectare per 323
decade. The consistent nature of these characteristics, such as land use and slope, suggests 324
that they have remained generally stable across time and continue to contribute to sedi- 325
ment yield in these places. Nevertheless, certain subbasins undergo changes in sediment 326
yield classifications. Subbasin 24 experiences a transformation in its productivity levels 327
over time. In Decades 1 and 2, the productivity varies from 215.8 to 293.8 tons per hectare 328
per decade and 222.2 to 300.4 tons per hectare per decade respectively, which can be con- 329
sidered as "high". However, in Decade 3, the productivity level increases significantly, 330
ranging from 285.7 to 370.6 tons per hectare per decade, which can be classified as "very 331
high". This rise indicates alterations in the intensity of land use, such as an increase in 332
agricultural activities or soil degradation, resulting in greater erosion and sediment out- 333
put. On the other hand, certain subbasins, such as Subbasin 9, transition from being cate- 334
gorized as "low" in Decades 1 and 2, with values ranging from 57.3 to 143.3 tons per hec- 335
tare per decade and 57.8 to 145.6 tons per hectare per decade, to being classified as "very 336
low" in Decade 3, with a range of 2.4 to 75.0 tons per hectare per decade. This shift may 337
suggest enhancements in land management methods or natural recovery processes that 338
have successfully decreased the amount of silt produced. Subbasins 12, 20, and 26 consist- 339
ently maintain a "very low" categorization throughout all three decades, with ranges of 340
5.9 to 57.2 tons/ha/decade in Decade 1, 2.4 to 57.7 tons/ha/decade in Decade 2, and 2.4 to 341
75.0 tons/ha/decade in Decade 3. The consistent nature of these places implies that they 342
have upheld steady land use patterns, advantageous slope conditions, and resilient soils 343
that effectively avoid substantial erosion and sediment movement. 344

Subbasin sediment yields range from 2.4 to 75.0 tons/ha/decade in Decade 3 to 385.3 345
tons/ha/decade in Decade 1. Most of this heterogeneity is caused by land use intensity, 346
slope steepness, and soil erodibility in various subbasins. Slope, land usage, and erosion- 347
prone soils increase sediment outputs. Sheltering land cover, low slopes, and stable soils 348
restrict sub-basin sediment transfer. This fluctuation is due to land usage, slope, and erod- 349
ibility. Thus, soil and erosion, agricultural growth, and deforestation in certain sub-basins 350
may boost sediment supply. Better land use or afforestation may have prevented silt 351
buildup. Higher land use intensity and more sensitive soils on steeper slopes cause greater ~ 352
erosion and sediment in subbasins. Thus, soil structure and organic matter restrict erosion 353
(Brady & Weil, 2016). High human activity and steep slopes may cause landslides, which 354
deposit silt. Land use and slope changes have not affected certain subbasins, while others 355
have major sediment production fluctuations due to land management or natural factors. 356
High sediment production needs special conservation efforts, whereas low quantities in- 357
dicate excellent land management. Our present study is to identify land use, soil, and 358
slope variables that regulate subbasin sediment production. 359

6. Discussion 360

The calibration and validation results show that the SWAT model has successfully 361
and well simulated the hydrological processes in the Upper Indus Basin. The mean flow 362
rate observed during the calibration period was 2426.66 cubic meters per second whichis 363
slightly lower than the overestimated predicted mean flow of (2855.13 cms). This over- 364
estimation is in line with other empirical research conducted in similar geographical areas. ~ 365
In a study by Tanteliniaina et al. (2021), the similar study showed that the SWAT model 366
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tends to overestimate the values. This could be explained by the fact that the model is 367
sensitive to some parameters particularly in areas with intricate hydrological cycles. 368

The R? value of 0.89 and NSE of 0.84 showed that the observed and simulated data 369
were closely related and thus gave the model a “Very good” rating. Sharma et al. (2020) 370
found a similar trend in the Brahmaputra River Basin where SWAT model relatively had 371
strong agreement with the observed flow data but overestimated the actual flow. 372

The obtained value of the PBIAS -17.7% during calibration is within the acceptable 373
limit of 20% hence supporting the positive result of “Very good”. The RSR value of (0.39) 374
also supports the model robustness as it shows that the errors are indeed very small com- 375
pared to the variation in the data. The indicators are in agreement with those outlined by 376
Tanteliniaina et al. (2021) in their assessment of the SWAT model in Madagascar, found 377
similar efficiencies. 378

During the validation period, the model consistently overestimated the mean flow 379
by generating a value of 2890.02 cms while the actual observed mean flow was 2447.44 380
cms. Nevertheless, the model remained remarkably accurate as depicted by the R? of 0.81, 381
NSE of 0.68, and PBIAS of -18.1%, which are all within the acceptable range. Also, Zhang 382
et al. (2022) have shown that the SWAT model has been proven to be reliable in the moun- 383
tainous areas, capturing most of the observed data within the credible range though with 384
a large prediction uncertainty as indicated by the p-factor and r-factor values of 0.69 and 385
0.71 respectively. 386

The significant impact of precipitation to the river system is shown by the precipita- 387
tion/streamflow ratio of 0.78, which shows that 78% of the precipitation within the water- 388
shed affects streamflow. This observation aligns with the findings of Zhang et al. (2023), 389
who documented a comparable proportion in the Yangtze River Basin, where seasonal 390
rainfall has a substantial influence on the flow of water. An analysis of the Baseflow/Total 391
Flow ratio of 0.39 indicates that groundwater accounts for 39% of the whole streamflow, 392
a critical factor in sustaining flow during dry seasons. Gupta et al. (2022) reported compa- 393
rable results in the Ganges Basin, where baseflow played a significant role in streamflow, 394
especially during periods when the monsoon season is not there. The ratio of 0.61 between 395
Surface Runoff and Total Flow indicates that the bulk of streamflow originates from sur- 39
face runoff, a pattern that has been likewise seen in Pereira et al. (2021) for the Amazon 397
Basin. A ratio of 0.16 for Percolation/Precipitation underscores the substantial contribu- 398
tion of percolation to groundwater recharge, which aligns with the findings of Singh and 399
Jain (2020) on the Indian subcontinent. Nevertheless, the Deep Recharge/Precipitation is 400
restricted to 0.01, suggesting a poor level of deep groundwater replenishment, whichisa 401
prevalent situation in several watersheds, as noted by Wang et al. (2021) in the Loess Plat- 402
eau. Indeed, the ET/Precipitation ratio of 0.05 highlights the significance of evapotranspi- 403
ration in the process of water being returned to the atmosphere, which is consistent with 404
the conclusions drawn by Martinez et al. (2022) in Mediterranean vegetation. 405

During the monsoon season in Northern Pakistan, the watershed experiences an av- 406
erage of 505.35 mm of surface runoff per year. This runoff is essential for carrying materi- 407
als from upland areas into streams and rivers, especially during periods of vigorous rain- 408
fall. These results align with the observations made by Ahmed et al. (2021), who noted 409
comparable patterns of runoff in mountainous regions of the Himalayas. The monsoon 410
rains are an essential aspect of surface runoff as well as sediment transport in the subse- 411
quent layers of these areas. The upland sediment yields in the watershed, which range 412
from a high of (5,772.90 Mg/ha) to an average of 2,086.09 Mg/ha point to the fact that there 413
is a lot of sediment loss from the terrain. Consistent with the findings of Khan and Ali 414
(2022) who investigated the erosion processes in the Hindu Kush region, it can be expected = 415
that slope gradient, soil type, land use, and vegetation cover may affect the rate of sedi- 416
ment yield. The substantial maximum sediment yield indicates that specific regions 417
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within the watershed, maybe those affected by deforestation or inadequately controlled 418
agricultural areas, make a disproportionate contribution to sediment depletion. Chaudhry 419
et al. (2020) found similar results, with their study showing that Northern Pakistan’s de- 420
forested regions produce large amounts of sediment. There is a net loss of sediment in the 421
stream channel with a value of (-2,082.52 Mg/ha), which implies that rivers and streams 422
are stores rather than sources of sediment. Rahman et al. (2021) conducted a study that 423
showed that stream in the same topographical area tend to store more sediment than they = 424
transport, which makes them to act as sediment sinks. 425

The trends identified in terms of sediment yield in the sub-basins of Upper Indus 426
Basin over the past three decades are in agreement with the outcomes of previous SWAT 427
model studies conducted in the same region. The analysis done in this study suggests that 428
Subbasin (3) had a very high ability to produce large quantities of sediment, consistent 429
with the study by Bao et al. (2017). This study showed that subbasins with similar topo- 430
graphic properties including steep slopes, large glacier areas, and high land use for agri- 431
culture have persistently experienced increased sediment yields due to their vulnerability = 432
to erosion. 433

This study reveals that subbasins (6, 4, 5, 1, 17, 16, 19, 21, 23, and 25) have high levels 434
of sediment production. These findings are consistent with Dowlatabadi and Zomorodian 435
(2016) which utilize SWAT and MODFLOW models also reveals that sediment yields are 436
high in areas with steep slopes and intense land use that supports the findings of this 437
study. 438

The marked increase in sediment production in Subbasin (24) from a high level toa 439
very high level over the third decade points towards the increased human activities in the 440
form of agriculture. This pattern has also been observed in other related research works. 441
The differences identified suggest adaptation to alterations in land use, a pattern also seen ~ 442
in other works like Liu et al. (2020) that analyzed the growth of sediment generation con- 443
nected with the expansion of agriculture in glaciated basins. However, Ateeq-Ur-Rehman 444
et al. (2018) has also established these phenomena while assessing the broader patterns of 445
land use changes in the Upper Indus Basin with a specific focus on agricultural growth. 446
From the results of their research, the authors concluded that these changes have led to 447
an increase in sediment yield because of accelerated erosion. 448

On the other hand, subbasins 12, 20, and 26 revealed minimal levels of sediment yield 449
throughout the whole course of the study. As evidenced by Hallouz et al. (2017), subbasins 450
with similar land cover, including dense forests, and gentle slopes are associated with low 451
sediment yield over a longer time. Applying the proper land management techniques in 452
these areas is expected to yield positive outcomes as far as minimizing erosion is con- 453
cerned. This is in accordance with previous research that has employed the SWAT model 454
in comparable geographical areas (Keshtegar et al., 2023). 455

The scientific literature provides ample evidence of the great range of sediment yields 456
observed in the subbasins, from very low (2. 4 to 75. 0 tons per ha per decade) to very high 457
(up to 385. 3 tons per ha per decade). The size of the range is therefore influenced by the 458
interaction of land use, slope and soil erodibility, which are all known to play a vital role 459
in erosion and sediment transport processes (Liu et al., 2020; Shendge et al., 2018). 460

7. Conclusion 461

For sensitivity analysis, calibration, and validation, SWAT-CUP interfaced with se- 462
quential uncertainty fitting (SUFI-2). Four performance metrics—R?, NSE, RSR, and 463
PBIAS—measured model efficiency. Sensitivity study employed 22 model parameters. 464
SWAT-Cup demonstrated excellent performance throughout the 1994-2008 calibration pe- 465
riod, with R? of 0.89, NSE of 0.84, PBIAS of -17.7%, and RSR of 0.39, indicating a strong 466
correlation between observed and simulated flows. The model performed well during 467
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validation (2009-2023), with R? = 0.81, NSE = 0.68, PBIAS = -18.1%, and RSR = 0.57. Cali-
bration and validation for the upper indus basin (UIB) watershed at Besham Qila gauge
station show robust and accurate model simulations. The water balance ratios demon-
strate that streamflow receives 78% of precipitation, surface runoff 61%, baseflow 39%,
percolation 16%, deep recharge 1%, and evapotranspiration 5%. Sediment dynamics re-
veal an annual average surface runoff of 505.35 mm, upland sediment outputs of 5,772.90
to 2,086.09 Mg/ha, and an instream sediment change of -2,082.52 Mg/ha, demonstrating
significant sediment deposition in stream channels that increases flood risk. Decadal sed-
iment production drops over 30 years. In the first decade, yield was 5.9-385.3 tons/ha/dec-
ade. This range declined to 2.4 to 382.9 tons/ha/decade in the second decade and 2.7 to
370.6 in the third.

8. Recommendations

The Tarbela Reservoir watershed needs reforestation, terracing, and check dams in
high-yield subbasins to reduce sedimentation. Continuous sediment and hydrological
monitoring, sustainable land use, and soil conservation education will improve adaptive
management measures. Advocating for conservation regulations and encouraging stake-
holder participation can help control sediment and maintain reservoir storage capacity
and hydropower efficiency. The sediment inflow data from the Tarbela Dam covered only
September and October averages, while SWAT outputs reflected annual sediment gener-
ation, limiting direct comparisons. ERA-5 climate data, though comprehensive, showed
variations from real-time sediment data. Ground-measured climate data, though costly,
would improve accuracy and is recommended for future studies.
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