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Abstract 9 

This study integrates remote sensing technologies and artificial intelligence (AI) algorithms to pre- 10 

dict inflow and water levels in transboundary reservoirs, a crucial endeavor for managing shared 11 

water resources in regions characterized by complex hydrological dynamics. Effective management 12 

of these reservoirs is essential for ensuring water and food security, mitigating natural disasters, 13 

and supporting economic stability, particularly in countries like Pakistan, which often faces uncer- 14 

tainties regarding reservoir levels and inflows during flood seasons from adjacent transboundary 15 

sources. The primary objective of this research is to capture variations in transboundary catchments 16 

using remote sensing and AI-based modelling approaches. The focus is on the Bhakra Dam, situ- 17 

ated on the Sutlej River in Himachal Pradesh, India, where heavy rainfall, snow melt, and dam 18 

operations significantly influence the dam's capacity, leading to potential flooding in Pakistan. This 19 

study conducts an inflow, outflow, and storage analysis using various AI algorithms, including 20 

Linear Models (LM), Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Extreme 21 

Gradient Boosting (XGB), Partial Least Squares (PLS), Random Forest (RF), Ridge Regression 22 

(RG), and Gaussian Processes (GP). Historical data from 2014 to 2020 regarding inflow, outflow, 23 

water levels, and storage from Indian dams was sourced from the Central Water Commission of 24 

India. Additionally, daily rainfall data from the Global Precipitation Measurement (GPM) v6 and 25 

land surface temperature (LST) and emissivity data from MODIS were utilized. A single C-band 26 

synthetic aperture radar (C-SAR) from Sentinel-1 was employed to assess surface area and extent 27 

of the dam lake. The performance of the machine learning algorithms was evaluated using the R 28 

package Hydrostat, employing a comprehensive set of statistical metrics, including Nash-Sutcliffe 29 

Efficiency (NSE), R-squared (R ²), Knowledge Graph Embedding (KGE), Mean Absolute Error 30 

(MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Residual Standard 31 

Deviation (RSR). To avoid redundancy, these metrics are reported succinctly. The Model Effi- 32 

ciency Index (MEI), with values approaching 1 indicating strong agreement between observed and 33 

predicted data, was used as a key indicator of model performance. 34 

Among the tested models, Extreme Gradient Boosting (XGB) demonstrated the highest accuracy 35 

for predicting inflow, Random Forest (RF) excelled in outflow prediction, and Ridge Regression 36 

(RG) was most effective for storage estimation. The results demonstrate a high MEI, indicating the 37 

accuracy of AI algorithms for predicting water levels, storage, inflow, and outflow. Furthermore, a 38 

correlation model efficiency matrix was utilized to analyze relationships between variables such as 39 

level differences, area differences, temperature, and average rainfall, revealing a near-perfect pos- 40 

itive correlation (0.99) between storage and level differences. This study underscores the potential 41 
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of integrating remote sensing and AI technologies to enhance water resource management in trans- 42 

boundary contexts. 43 

Potential areas of research with a specific emphasis on comparing their performance against ma- 44 

chine learning algorithms involves comparing the predictive capabilities of machine learning algo- 45 

rithms with those of physically-based models for reservoir inflow forecasting. Additionally, re- 46 

search efforts could be directed towards leveraging remote sensing data in regions with limited data 47 

availability, particularly in developing countries. 48 

Keywords: Model Efficiency Index (MEI); Global Precipitation Measurement (GPM); Support 49 

Vector Machine(SVM); Random Forest (RF); K-Nearest Neighbors (KNN); Root Mean Squared 50 

Error (RMSE) 51 

 52 

1. Introduction 53 

Reservoirs play a vital role in water conservation by functioning as storage places for 54 

excess runoff water during periods of flooding. Usually, the construction of dams includes 55 

the integration of controlled outputs to fulfill the desired purpose. An outlet is a channel 56 

via which excess water is discharged. The main objective of these reservoirs is to fulfill the 57 

needs of hydropower production, domestic water supply, flood management and mitiga- 58 

tion measures, and conservation of aquatic ecosystems. As per a study conducted by [1]. 59 

While there are numerous benefits related to food security, water supply, and electricity 60 

supply, it is crucial to recognize the presence of certain detrimental environmental reper- 61 

cussions. These encompass changes in river transportation, adjustments in sediment and 62 

nutrient transport, variations in water temperature, and the reduction of biodiversity 63 

based on. [2]. For Pakistan, climate change is mainly recognized for the hydrological 64 

changes in the country, affecting the inflow and water levels of transboundary reservoirs, 65 

which are, in turn, critical for water resource management and communities downstream. 66 

[3]Reservoirs and dams are built to effectively handle flood control and provide the reg- 67 

ulated discharge of substantial amounts of water downstream, so maintaining the safety 68 

of rivers and canals. Reservoir inflow and level forecasting entails the application of me- 69 

teorological and hydrological data in different models to potentially predict stream flows. 70 

Prior to a flood occurrence, it is imperative to carry out accurate forecasts of reservoir 71 

input. Precise prediction about future consumption and water levels in dams is essential 72 

management of reservoirs. [4]. Future studies should concentrate on creating comprehen- 73 

sive frameworks that merge sophisticated predictive tools for forecasting critical flood 74 

characteristics, such as water level peaks, flood timing, and inundation patterns, during 75 

catastrophic events like Probable Maximum Floods. By integrating hydrological forecasts 76 

with structural vulnerability assessments, including the potential for piping and overtop- 77 

ping failures, these frameworks can improve flood risk evaluations, enhance early, and 78 

bolster disaster preparedness in transboundary river basins. [5] 79 

Hazard maps showing the probability of flooding are important for evaluating and 80 

managing flood risks. Several research projects have effectively used various factors such 81 

as climate data, characteristics of watershed, soil properties, and information on land use 82 

and cover obtained through remote sensing to improve flood forecasting. Combining 83 

these different sets of data helps to promote sustainable development and improve strat- 84 

egies for reducing the impact of flood disasters. [6].  85 

The use of machine learning in predicting reservoir inflow has been yielding more 86 

accurate forecasts of extreme inflow events in both single-step and multi-step forecasting 87 

scenarios. While deep learning has enhanced reservoir inflow forecasting, its applications 88 

have been largely confined to real-time management and short-term planning. Although 89 
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deep learning has shown promise in short-term hydrologic forecasting, its attempts to 90 

predict long-term reservoir inflows have been less successful due to increased uncertainty 91 

and complex long-term relationships. [7] 92 

Machine learning has far-reaching implications across various scientific disciplines 93 

due to its ability to evolve and adapt. Unlike conventional algorithms that rely solely on 94 

pre-programmed rules and lack enables it to learn and refine its performance. By leverag- 95 

ing a dynamic and responsive framework, machine learning significantly enhances the 96 

speed and precision of decision-making processes. [8] 97 

 98 

In the past few decades, the application of Forecast Informed Reservoir Operation 99 

(FIRO) has been executed on Mendocino Lake, situated in the state of California. The FIRO 100 

methodology is a strategy for decision-making to improve reservoir operation and man- 101 

agement with the consideration of hydrologic forecasting. It helps to decide about the 102 

ideal volume of water, so it gets released from the lake reservoir, making water manage- 103 

ment techniques more flexible. [9] [10]. 104 

Physical based models such as Soil and Water Assessment Tool  (SWAT) [11] the 105 

Long Term Hyetograph based Hydrological Impact Assessment model at watershed scale 106 

(Watershed-Scale-L-THIA) [12] and Hydrological Simulation Program-Fortran (HSPF) 107 

[13] Hydrological Simulation Program-Fortran (HSPF) where from the reservoirs contrib- 108 

ute inflow discharge, each include conventional methods. It should be noted that, statisti- 109 

cal base has been incorporated into earlier datasets applied in these simulations [14]. 110 

These models require large datasets in hydro-geomorphological characteristics of the wa- 111 

tersheds including very details about dynamics and features. Moreover, the models use 112 

calibrated parameters and changes in calibration attempts can yield different results 113 

among various models. In addition, these models require major computational resources 114 

and costs a lot. According to limited availability from transboundary reservoirs. [15]. 115 

Remote sensing data is the preferred mode of applying such an approach due to data 116 

sparse nature and climate change related transboundary reservoir operation complexities. 117 

Remote sensing refers a technological method that involves mounting sensors on air- 118 

planes or satellites [16] to view and identify various objects on Earth without physically 119 

interacting with them. It was 1960 that the technique got initiated for the first time. As per 120 

the study carried out by. [17]. This technique relies on a range of radiations, such as visible 121 

light, infrared, and electromagnetic waves, which are produced or reflected from the tar- 122 

get in order to detect and identify distant objects on the Earth or its surface. Remote sens- 123 

ing data is used in many applications such as disaster assessment, environmental assess- 124 

ments, land and resource surveys, monitoring land use and land cover changes, tracking 125 

urban dynamics, meteorological observations, and satellite surveillance. [18]The tech- 126 

nique uses visible, infrared, and other electromagnetic waves to detect and identify objects 127 

on earth or another planet at a distance. As far as applications are considered, Remote 128 

sensing data is used in disaster assessment, environmental impact assessments, land and 129 

resource surveys or mining etc., monitoring of land use and land cover changes (Forest, 130 

Agriculture), tracking urban dynamics (Urban growth Analysis), meteorological observa- 131 

tions and also satellite surveillance. [19] Remote sensing-based utilization data has greatly 132 

improved our ability to study surface of the Earth features. As an example SIRPL demon- 133 

strated its high utility in analyzing inaccessible areas (e.g. military zones, severe weather 134 

conditions or transboundary area e.g. reservoirs). The sharing of remote sensing data in 135 

these localities is under the control of countries who may choose to establish restrictions 136 

for access and an amount of shared data. 137 

Recent development in the ash field of artificial intelligence technologies makes a 138 

significant benefit for better accuracy and reliability in analysis and interpretation of re- 139 

mote sensing data. The problem became even more important with big, complicated & 140 
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varied datasets acquired through remote sensing sources. Recently Machine Learn- 141 

ing(ML) and Deep Learning Neural Network(ANN) Algorithms have gained prominence 142 

over the years. These algorithms have shown to successfully address the challenges and 143 

performed better that physical-based models for predicting monthly reservoir inflow for 144 

a tropical region. This is facilitated by using impulsive data-driven algorithms and ML 145 

modeling techniques that are keying from the relevant data. Machine learning algorithms 146 

are simple, lightweight, easy to implement and gradually reduce the complexity with 147 

time. [20] [21]. Several machine learning (ML) algorithms have been used in hydrological 148 

applications for water resource management observed in the study of [22] Effectively, the 149 

algorithms have established themselves with data and system analysis on a massive scale. 150 

According to [23] [24] [25]. For example, SVM was applied in the forecasting of lake water 151 

level [26] based on the daily reference modeling by climatic data to a very dry area 152 

[27]According to [28]. Artificial Neural Networks (ANN) have been utilized in various 153 

studies to estimate runoff coefficient, [29] predict river flow [30] forecast water demand 154 

under climate change, [31] calculate of wastewater temperature, [32] prognosticate 155 

groundwater levels, [33] and predict rainfall runoff retaliation and suspended sediment 156 

modeling using Genetic Programming [34], [35] Additionally, ANN has been applied to 157 

determine the optimal operation of aquifer reservoir systems, [36] groundwater modeling 158 

[37] and approximate crop yield according to. [38]. 159 

2. Study Area 160 

Mansarowar lake situated in Tibet at an elevation of 4572 m is the point of origination 161 

for Satluj river. The river extends in north direction from 30° N to 33° N latitudes and in 162 

east direction from 76°E to 83°E longitudes. River flows in South-West direction having 163 

approximate length of 1,448 km enters India from Shipkila situated in Himachal Pradesh. 164 

From Himachal Pradesh river flow south -westerly direction and reaches into plain region 165 

of Punjab where India's highest concrete dam is located. It is straight concrete gravity dam 166 

having height 225.55m (740 ft) above the deepest foundation level. Bhakra dam height 167 

above river bed is 167.64 m (550ft). The reservoir generated by Bhakra dam is having 168 

168.35 sq km of area and gross storage capacity of 9621 million cum. Bhakra dam live 169 

storage capacity is 7191 million cum. Total catchment area of this reservoir upstream of 170 

Bhakra dam is 56,980 k. The reservoir formed by the Bhakra Dam is Govindsagar, having 171 

length 96.56 km. Figure 1 indicates the location and DEM of Satluj River Basin. The reser- 172 

voir can be depleted upto dead storage level El. 1462 (445.62 m MSL) to fulfil the demand 173 

of irrigation and power generation. 174 

The Bhakra dam has a maximum capacity to be filled up to the reservoir level of El. 175 

1690 (515.11 m MSL) and can be depleted down to the dead storage level of El. 1462 (445.62 176 

m MSL). The reservoir has the ability to store the entire surplus flow of an average year, 177 

with a capacity of 6 million acre-feet. The Bhakra dam has sufficient capacity to accom- 178 

modate the expected silting during the reservoir's lifespan. Figure 2 and 3 display the lo- 179 

cations of various dams, canals, and links. 180 

The basin exhibits intricate hydro meteorological conditions that pose challenges for 181 

accurate modeling. The basin experiences significant fluctuations in climatic conditions. 182 

The upper reaches of the Satluj Basin ranges consistently have snow, while the sub-moun- 183 

tainous areas at the foothills of the Satluj river valley have a sub-tropical climate. 184 

 185 
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 186 

Figure 1. Showing DEM location of Satluj River Basin 187 

 188 

Figure 2. Location of Dams, head works, canals, rivers Satluj, Beas 189 
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 190 

Figure 3. Schematic diagram showing Dam canal Links 191 

2.1. Spillways & Galleries 192 

There is an overflow spillway located below the top of the dam that is 79.25 meters 193 

long. Its purpose is to allow the passage of water. The flood water is regulated by four 194 

spillway gates, each measuring 15.24 meters in length and 14.48 meters in height.  In ad- 195 

dition to the spillway, there are sixteen river outlets with dimensions of 2.64 m X 2.64 m 196 

each, which are equipped with radial gates.  197 

The outlets are situated in two tiers, with a total of eight outlets. These outlets are 198 

specifically located in the central area of the spillway. The dam will discharge extra water 199 

from the reservoir to fulfill irrigation needs. The excess water may cause flooding. The 200 

gates and river outlets have the capacity to discharge 8212 cubic meters per second of 201 

floodwater. At the crest of the dam, the height is 9.14 meters.  202 

A road with a width of m is constructed, and galleries are built inside the dam for the 203 

purposes of drainage and inspection. The dam has galleries inside that span a length of 5 204 

kilometers. 205 

The following table, Table 1, provides information on the area in thousand acres and 206 

the capacity of the Bhakra Dam reservoir.  207 

A software has been developed to calculate the volume of water in million acre-feet 208 

at different dam elevations. Conduct research that can accurately determine the level of a 209 

reservoir and the amount of storage capacity it has. This code maintains the status of a 210 

reservoir by updating it based on the input and outflow of water.  211 

The time has been allocated to plot the elevation against storage and area curves have 212 

been plotted and are shown in Figure 4 and 5 Figure respectively. 213 

Table 1. Bhakra Dam elevation verses area & storage capacity data 214 

Elevation in feet 
Area in thou-

sand acres 

Capacity in mil-

lion acre feet 
Elevation in feet 

Area in thou-

sand acres 

Capacity in mil-

lion acre feet 

1150 0 0 1460 14.5 1.94 

1180 0.21 0.002 1480 15 2.255 

1200 0.65 0.011 1500 17.66 2.53 

1220 1.5 0.033 1520 19.35 2.95 

1240 2.35 0.073 1540 21.35 3.36 
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1260 3.25 0.123 1560 23.35 3.8 

1280 4.43 0.203 1580 25.5 4.265 

1300 5.8 0.305 1600 28.15 4.83 

1320 7.18 0.435 1620 30.3 5.41 

1340 8.25 0.585 1640 34.06 6.05 

1360 9.33 0.755 1660 37.05 6.78 

1380 10.3 0.95 1680 40.15 7.575 

1400 11.25 1.17 1700 41 7.8 

1420 12.18 1.4 1720 41.68 8 

1440 13.35 1.665 1740 43.4 8.4 

 215 

 216 

Figure 4. Curve Showing Elevation verses Capacity 217 

 218 

Figure 5. Curve Showing Elevation verses Area 219 

2.2. Nangal Dam & Nangal Hydel Channel 220 

The Bhakra dam is situated on the Satluj river, with the Nangal dam located 13 km 221 

downstream. The Nangal dam has a height of 29 m and consists of 26 bays, each measur- 222 

ing 9.14 m in length. It has the capacity to handle a flood discharge of 9910 cumecs. The 223 

dam diverts 12,500 cusecs of water to the Nangal Hydel Channel and another 12,500 224 
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cusecs to the Anandpur Sahib Hydel Channel, in order to meet the needs of irrigation and 225 

power generation. The Nangal dam serves as a reservoir to store water released from the 226 

Bhakra dam, and it also supplies water to the Nangal Hydel Channel and Anandpur Sahib 227 

Hydel Channel. The Nangal Hydel Channel, which is 61.06 km long, begins at the left 228 

bank of the Satluj river from the Nangal Dam. After power generation, water is released 229 

from the Ganguwal and Kotla power generating units on the Nangal Hydel Channel for 230 

irrigation purposes. 231 

2.3. Beas Satluj link 232 

The Beas-Satluj connection canal connects the Beas river to the Satluj river. Pandoh is 233 

a diversion dam constructed on the Beas River, located 21 km upstream of Mandi in the 234 

state of Himachal Pradesh. The dam is classified as an earth-cum-rock fill dam and has a 235 

height of 76.20 meters. The structure consists of five bays equipped with radial gates, 236 

which are used to control the water flow. The water from the Beas River is redirected to 237 

the Satluj River through a tunnel with a diameter of 7.62 meters and a length of 13.1 kilo- 238 

metres. This tunnel, which is lined with concrete, extends to Baggi and has a capacity to 239 

transport a discharge of 254.85 cubic meters per second. An 11.8 km concrete lined open 240 

canal is used to transport the Beas water from Baggi to Sundernagar for the purpose of 241 

balancing reservoir. The discharge capacity of the Sundernagar Hydel Channel is 240.7 242 

cubic meters per second. The channel discharges into a balancing reservoir with a storage 243 

capacity of 370 hectare meters. The balancing reservoir ensures the necessary supply to 244 

fulfil the current demand at the Dehar power plant. The reservoir has a length of 2130 245 

meters and a breadth of 449.88 meters. The water from the balancing reservoir is once 246 

again conveyed through the Sundernagar Satluj tunnel, which has a diameter of 8.53 me- 247 

ters and a length of 12.35 km. The tunnel, which is built with concrete, originates from the 248 

Sundernagar Balancing Reservoir and discharges its water into the Surge Shaft. From 249 

there, three penstocks transport the water to the Dehar power plant. The tunnel has a 250 

capacity to transport 403.53 cubic meters per second of water. A surge shaft with a diam- 251 

eter of 22.86 m and a height of 125 m has been installed to manage abrupt surges in the 252 

penstock caused by a rapid decrease in power demand or a complete shutdown of the 253 

producing units. The Dehar power station is situated on the right bank of the Satluj River, 254 

upstream of the Bhakra dam. This concept involves harnessing the potential energy of 255 

falling water from a vertical distance of 320 meters to generate power. The Dehar power 256 

station consists of six generating units, each with a capacity of 165 MW. The water dis- 257 

charged from Dehar is used to enhance the electricity capacity of Bhakra. 258 

Table 2. Characteristics of Bhakra Nangal Project 259 

Dam Type Straight Concrete Gravity Dam 

Height of dam above deepest foundation 225.55 m (740 ft) 

Height of dam above river bed 167.64 m (550 ft) 

Length at top of the dam 518.16 m 

Width at top of the dam 9.14m (30ft) 

Length at bottom of the dam 99.06 m (325ft) 

Base width of dam 190.5m (625 ft) 

Catchment Area upstream of dam 56,980 sq km 

Maximum Reservoir Elevation 1680 ft 

Spillway crest level El. 1645.211 ft 

Dead storage level of dam 1462 ft 

Gross reservoir capacity at El. 1685 ft. 9621 million cum. 

Live storage capacity at El. 1685 ft. 7191 million cum. 

No. of Penstocks 10 
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3. Materials & Methods 260 

Historic hydrological data: (2014-2020) of Inflow, Outflow, Level, and Storage of In- 261 

dian dams collected from Central Water Commission of India. 262 

3.1. Rainfall in Satluj River Basin at Bhakra Region 263 

The bar chart in Figure 6 displays the precipitation levels in this area from 1983 to 264 

2018. The mean annual precipitation of this area from 1983 to 2018 is 1120 mm. The highest 265 

amount of rainfall occurs annually from June to September. The mean precipitation accu- 266 

mulated over this time period is 810 mm. The remaining portion of the year is expected to 267 

have an average rainfall of 310 mm. Figure 6 illustrates a declining pattern in precipitation 268 

from 1983 to 2018. The rate of decrease in rainfall from June to September is 2.77 mm/year, 269 

whereas for the rest of the year it is 2.57 mm/year. There is a noticeable decline in rainfall 270 

in the Satluj river basin in Bhakra Dam Region. The bar chart depicted in Figure 6 illus- 271 

trates the amount of rainfall in this region from 1983 to 2018. The average annual precipi- 272 

tation in this region from 1983 to 2018 is 1120 mm. More precisely, this precipitation takes 273 

place between the months of June and September, and it represents the highest yearly 274 

rainfall amount. The mean precipitation received during this time frame is 810. Figure 6 275 

indicates that the remaining part of the year is projected to have an average rainfall of 310 276 

mm.  277 

Displays the precipitation levels in this area from 1983 to 2018. The mean annual pre- 278 

cipitation in this area during the period from 1983 to 2018 is 1120 mm. Specifically, this 279 

rainfall occurs from June to September, the largest amount of rainfall occurs annually. The 280 

average amount of rainfall received during this period is 810. The remaining portion of 281 

the year is expected to get an average rainfall of 310 mm, as shown in Figure 6. From 1983 282 

to 2018, there has been a noticeable decline in rainfall. This tendency is particularly evi- 283 

dent during the month of June. In September, there is a decrease of 2.77 mm per year, 284 

while for the rest of the year. Additionally, the rainfall trend is seeing a decline at a rate 285 

of 2.57 mm/year. This decline in rainfall is evident. Recorded in the Satluj river basin in 286 

the Bhakra Dam Region. 287 

 288 

 289 

Figure 6. Bar chart showing rainfall from duration 1983 - 2018 290 
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 291 

Figure 7. Graph showing inflow and release from June-December for duration 1999 – 2018 at Bhakra 292 

3.2. Monthly Inflow and Release for Duration 1999 -2018 293 

The monthly input and output of water from the Bhakra dam throughout the period 294 

from 1999 to 2018 may be found in Table 3. The data shown in Table 3 clearly shows that 295 

the inflow fluctuates significantly throughout different months, while the release is con- 296 

tingent upon factors such as demand, storage availability, and inflow. This information 297 

can be seen in Table 3. The average inflow throughout the month of January has remained 298 

consistent over the previous 20 years, with just minor variations.  There is a downward 299 

trend in the data, with larger releases during this time period and an average release of 300 

16268 cusecs according to the requested requirements. 301 
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 302 

Figure 8. Average monthly Inflow and Release for Duration 1999-2018 303 

The data from the past 20 years indicates a slight increase in inflow during the 304 

months of February, March, and April, but this increase is not significant. In January, Feb- 305 

ruary, and March, the average inflow is 41 cusecs, which is considerably low compared to 306 

the monthly release during these months. However, in April, the average inflow signifi- 307 

cantly increases to 10994 cusecs, with a release of 13083 cusecs. In May and June, the trend 308 

shows a decrease in inflow, although the inflow is still higher than the discharge. In July, 309 

August, and September, the trend of inflow is positive and exceeds the release during 310 

these months. In October, November, and December, the trend remains positive, but the 311 

inflow decreases considerably compared to the release during these months. 312 

3.3. Maximum and Minimum Reservoir Level for the Duration 1975-2019 313 

The shown data represents the highest and lowest annual reservoir levels in feet from 314 

1975 to 2019. Figure 9 illustrates that the reservoir's maximum level is limited at an eleva- 315 

tion of 1680 feet. The water level of El. 1462 ft has been reduced to the point where it is 316 

almost empty. This has been done to safeguard the area downstream and minimize any 317 

negative impacts. The reservoir level can be increased up to an elevation of 1690 feet in 318 

collaboration with Chairman BBMB. According to Figure 9, the water level consistently 319 

exceeds the storage level El.1680 ft annually. From 1975 onwards, there has been no nota- 320 

ble alteration in the maximum or lowest values, as observed annually with a value of 3.9. 321 

from 2019 forward, except for a few years. Figure 9 displays the annual minimum and 322 

maximum levels of the reservoir. 323 
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 324 

Figure 9. Reservoir yearly Minimum and Maximum level 325 

3.4. Climatic Data 326 

3.4.1. Late Daily Rain Data of GPM 327 

The Global Precipitation Measurement (GPM) V6, available on Google Earth Engine 328 

(GEE), is a satellite mission conducted by NASA and the Japanese Aerospace Exploration 329 

Agency (JAXA). Its purpose is to collect advanced observations of rain and snow on a 330 

global scale every three hours. Launched on February 27th, 2014, the GPM Core Observa- 331 

tory satellite carries state-of-the-art instruments that have set a new standard for measur- 332 

ing precipitation from space. The data provided by GPM is used to consolidate precipita- 333 

tion measurements from various partner satellites across the globe, enabling the quantifi- 334 

cation of rainfall and snowfall patterns worldwide. 335 

The late daily data is broadcasted daily, but its findings are only revealed after un- 336 

dergoing error removal, which typically takes 2-3 days. We rely on this corrected late daily 337 

production of GPM for our research. In contrast, the early daily data contains errors, 338 

which is why we decided to use the late daily data of GPM in our study. 339 

3.4.2. MODIS Land Surface Temperature and Emissivity (MOD11) 340 

The Land Surface Temperature (LST) and Emissivity daily data are obtained using 341 

two different algorithms. The generalized split-window algorithm retrieves data at a res- 342 

olution of 1km pixels, while the day/night algorithm retrieves data at a resolution of 6km 343 

grids. In the split-window algorithm, emissivities in bands 31 and 32 are estimated based 344 

on factors such as land cover types, atmospheric column water vapor, and lower bound- 345 

ary air surface temperature. These factors are divided into manageable sub-ranges to op- 346 

timize the retrieval process. On the other hand, the day/night algorithm retrieves daytime 347 

and nighttime LSTs and surface emissivities by analyzing pairs of day and night MODIS 348 

observations in seven TIR bands. The resulting product includes LSTs, quality assessment, 349 

observation time, view angles, and emissivities. 350 

3.4.3. SAR Process & Analysis (Synthetic Aperture Radar)  351 

The Synthetic Aperture Radar (SAR) on board the Sentinel-1A/B satellites, operated 352 

by the European Space Agency (ESA), offers continuous imaging in all weather conditions 353 

and at any time of day or night. It operates at C-band frequencies and has four distinct 354 

imaging modes, each with its own spatial resolution and coverage. SAR is an active data 355 

technology that emits its own energy and measures the amount of energy reflected back. 356 
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One advantage of SAR is its ability to operate at wavelengths that are not affected by cloud 357 

cover or lack of illumination, allowing it to collect data under any weather conditions, day 358 

or night. The following figures display the results of SAR analysis conducted on a ran- 359 

domly selected area. [39] 360 

 361 

Figure 10. Before SAR Analysis Cloud Cover 362 

 363 

Figure 11. After SAR Analysis Cloud Cover Remove 364 

This is the Process of SAR Analysis later this Bhakra Dam SAR Analysis also shown. 365 
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 366 

Figure 12. SAR Process Flowchart 367 

This flow chart outlines the procedure for handling SAR (Synthetic Aperture Radar) 368 

data, specifically S1-GDR data. The process commences with the input of SAR data labeled 369 

as S1-GDR, followed by the selection of the VV-polarize band. The data then undergoes 370 

thermal noise correction and Doppler terrain correction, followed by the application of a 371 

spackle filter. Subsequently, a threshold of -0.16 is applied to the filtered data, resulting in 372 

the computation of the surface areaLastly, the surface area calculated is then stored with 373 

the processed data. This systematic methodology provides correct and effective pro- 374 

cessing of SAR data and involves the multiple corrections and filters before it is stored. 375 

One of the first things to do is to eliminate thermal noise and in this way, undesired inter- 376 

ference due to external environmental factors is removed. Unchecked, thermal noise may 377 

significantly affect the quality of SAR backscatter data leading to false classification of 378 

surface. The signal is enhanced by means of the corrective action against thermal noise, 379 

thereby enhancing its signal clarity, which results in more accurate later analysis includ- 380 

ing the detection of water bodies. Then, the Doppler terrain correction is used to fix the 381 

spatial distortion due to the interaction of the radar with the topography of differing 382 

heights, which made the SAR images properly aligned with geographical coordinates. [40] 383 

A speckle filter is achieved to reduce the grainy distortion seen in SAR imagery, 384 

which is an effect of the SAR signal coherency. This process of filter does not significantly 385 

reduce the level of detail in the image, but does improve the clarity of it. Backscatter coef- 386 

ficients are filtered and a threshold value of -0.16 is applied to distinguish between water 387 

and non-water areas. The method supported by the previous studies of SAR information 388 

to map the reservoir enables the correct determination of the reservoir surface area [41] 389 

[42]. 390 

 391 
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 392 

Figure 13. SAR Analysis on Bhakra Dam 393 

3.5. Basic Concept of Reservoir Operation 394 

 395 

Figure 14. Representation and improved parameterization of reservoir operation 396 

The diagram indicates the segmentation of a reservoir into four different zones that 397 

are characterized by inflows and outflows. Furthermore, it describes a reservoir-release 398 

character which is piecewise-linear in nature. Parameters m1 and m 2 determine steepness 399 

of the release curve and they change monthly. The blue arrow upwards indicates that 400 

inflow to the reservoir may also affect the determination of the release in Zone 3 [1]. 401 

 402 
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 403 

Figure 15. Procedure for determining the outflow of a water reservoir system 404 

The process of outflow determination of a water system is demonstrated in this flow 405 

chart. Three major factors affect the outflow, and these are the inflow, storage, and losses. 406 

Inflow depends on the interaction between precipitation and temperature, and the tem- 407 

pera-temperature also influences snowmelt and glacier melt. The level and the area of a 408 

water body determine storage. The losses are considered where evaporation will be set to 409 

zero on a daily basis. All of this leads to the calculation of the outflow giving the full image 410 

of the dynamics of the water system. The outflow basic formula is given below. 411 

f(Q)= f(I) – f(S) – Losses (Evaporation). 412 

3.6. Machine Learning Algorithms 413 

 414 

Figure 6. Machine Learning Algorithms 415 

3.6.1. K-Nearest Neighbors (KNN) 416 
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KNN is a nonparametric method. The popularity of KNN has been boosted by the 417 

fact that the algorithms are fairly general and simple. The system can capture all the ex- 418 

isting issues or cases and put them into new groups based on a similarity measure (Zamri 419 

et al., 2022). KNN algorithm is a supervised learning approach that anticipates the classi- 420 

fication of unlabeled data on the basis of the attributes and labels of the training data 421 

(Bzdok et al., 2018). The KNN algorithm labels data-sets based on the use of k nearest 422 

training data points (neighbors) nearest to the test query. It uses a similar training model 423 

to the experimented query (Ma-hesh, 2020). The principle applied in KNN is the nearest 424 

neighbor and classify them according to its simi-larity. The KNN typically function under 425 

the assumption of the Euclidean dis-tance measure to identify data points nearest to a 426 

particular group (Zamri et al., 2022). A flexible choice among the popular distance 427 

measures is an-other alternative distance measure, the Minkowski distance with a dis- 428 

tance parameter q. It generalises the Eu-clidean distance. KNN algorithm is an easy and 429 

frequently utilized ma-chine learning algorithm in the classification task due to its very 430 

flexible and understandable structure (Mahesh, 2020). The technique has been conversant 431 

with its application in the resolution of regression and classification assignments includ- 432 

ing data of var-ying sizes, the amount of labels, the magnitude of noise, and the range and 433 

context (Zhang et al., 2017). In KNN regression, k is the weighted average of the nearest k 434 

neighbors of a sample point to provide the prediction of that point. Weights of the neigh- 435 

bours are then set by the distances of the sample point to its neighbours, with the nearest 436 

neighbours receiving the higher weights. There may be a need to reduce the di-mensions 437 

by resolving the problem, as (Lange et al., 2020) also indicates. Support Vector Machine 438 

(SVM) 439 

3.6.2. The support vector machine (SVM)  440 

SVM is highly esteemed as a reliable prediction system due to its main objective of 441 

minimizing the upper bound on the generalization error, rather than solely focusing on 442 

the training error (Vapnik,1995). Furthermore, the solution is globally optimal in often 443 

achievable situations, whereas competing machine learning methods like ANN may only 444 

converge to local minima. The Support Vector Machine (SVM) algorithm transforms the 445 

input variables into a feature space of greater dimensions, denoted as ϕ(x). The map is 446 

typically implemented implicitly via a kernel function, also referred to as the kernel trick. 447 

The kernel function exhibits similarity to the covariance function in Gaussian process. 448 

Support Vector Machine (SVM) is a machine learning method that discovers the most ef- 449 

fective hyperplanes inside the feature space to accurately differentiate between different 450 

classes. The optimization of the separation between the hyperplanes, known as the mar- 451 

gin, is how this is accomplished. By employing the kernel technique, Support Vector Ma- 452 

chines (SVM) may accurately identify data points that cannot be separated by a linear 453 

boundary in the original input space. Regression problems Support Vector Machines 454 

(SVM) seek to minimize an objective expression consisting of a loss term that grows past 455 

a set limit and a L2 regularization term. Ideally, the choice of the kernel function must be 456 

based on the natural make-up of the incoming data, as well as, their relation to the output. 457 

Also, one should add that the SVM model is sparsely rep-resented as a linear combination 458 

of a specified subset of the training data. This sub-population is projected into the feature 459 

space and is called the support vectors (support vec-tors) (Xu et al., 2021). 460 

3.6.3. Gaussian Process Regression (GPR) 461 

Gaussian process regression (GPR) is a Bayesian method used in the case of kernel 462 

regression and has been reported to perform extremely well in various benchmark prob- 463 

lems. A Gaussian Process (GP) is a system of random variables correlated with some lo- 464 

cations in time and space and that are distributed in a multivariate Gaussian fashion. A 465 

Gauss-ian Process (GP) belongs to a mean function and a covariance function, which 466 
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identifies covariance between all pairs of random variables that denote the quantity of 467 

interest at different locations or time points. It is expected that the two functions must 468 

reflect the prior knowledge that the user had of the overall pattern and the degree of con- 469 

sistency exhibited by the target function, respectively. The utilization of the covariance 470 

function bears resemblance to the kernel approach employed in Support Vector Machines 471 

(SVM) (Rasmussen & Williams, 2006), since it implicitly transforms the inputs into fea- 472 

tures ϕ(x). The Gaussian Process (GP) is employed in kriging methodologies within the 473 

realm of geo statistics, where the average and covariance are commonly represented as 474 

functions of geographic coordinates. In the domain of machine learning, the explanatory 475 

variables constitute the independent variables of the mean and covariance functions. 476 

Gaussian Process Regression (GPR) can precisely estimate intricate and non-linear con- 477 

nections between the target and input variables. Gaussian process regression is a statisti- 478 

cal technique that measures the level of uncertainty linked to the predictions. Unlike the 479 

SVM, which relies on a limited number of support vectors, GPR achieves precise predic- 480 

tions for new data points by computing a linear combination of all the training data points. 481 

The weights for this combination are calculated using the covariance function. The disad- 482 

vantage with Ground penetrating radar (GPR) is that; the cost of computing the covari- 483 

ance matrix as well as performing it might prove to be prohibitive when using a large 484 

dataset. To solve this problem and to make GPR more scalable to large datasets, scholars 485 

have come up with several approximation algorithms (Liu et al., 2020). 486 

3.6.4. Linear Regression (LR) 487 

Linear Regression (LR) is a statistical process that is applied to explain the relation- 488 

ship between a single response variable and one or more explanatory factors. It is a linear 489 

methodology that seeks to come up with the most appropriate line that fits this relation- 490 

ship. Linear regression develops a linear relationship between variables of input and out- 491 

put. Linear function is a direct relationship between input variables and an output varia- 492 

ble which is represented by a straight line. According to Michele et al. (2020), the linear 493 

function is obtained with the help of optimization criteria.  494 

Any regression machine learning model is often founded on what is commonly re- 495 

ferred to as the regression equation that can be represented as: Y =XB + e.  496 

Where Y is the dependent variable, and X is the independent variable, the coefficients 497 

of the regression are to be estimated, denoted as B, and the er-rors or residuals are denoted 498 

by e.  499 

3.6.5. Ridge Regression 500 

 Ridge regression is a statistical approach used to analyze multiple regression mod- 501 

els when the data is affected by multi collinearity. Multi-collinearity gives rise to an issue 502 

where the basic linear regression model (least square estimates) loses its unbiasedness and 503 

the variance increases to the extent that the projected values deviate significantly from the 504 

true value. The primary benefit of employing ridge regression is to mitigate the issue of 505 

overfitting. It operates similarly to linear regression, but incorporates an additional term 506 

(α) to mitigate overfitting. The objective of any machine learning model is to extrapolate 507 

the underlying pattern that has to be predicted. In other words, the model should perform 508 

optimally on both the training and test data. Overfitting is the phenomenon where a 509 

trained model demonstrates good performance on the training data but performs badly 510 

on the testing dataset. Ridge regressions have been extensively utilized for the prediction 511 

of streamflow, and their results have been determined to be equivalent to cutting-edge 512 

machine learning techniques (Lima & Lall, 2010; Chokmani et al., 2008; Xiang et al., 2020). 513 

 514 

3.6.6. XG Boost Regressor (XGB) 515 
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XGBoost is a relatively new machine learning approach, which can scale to large da- 516 

tasets. Chen and Guestrin developed it in 2016. Gradient Boosting Decision Tree (GBDT) 517 

is an iterative model that employs the gradient de-scent algorithm to optimise the loss 518 

function in the parameter space to solve the optimisation problem. XGBoost is, however, 519 

an enhanced GBDT. XGBoost is predominantly used largely because of its regularised 520 

boosting process. Another common characteristic of XGBoost, over and above standard 521 

GBDT, is the regularization term, which may be considered a penalty on the complexity 522 

level of the model. With the complexity attribute of each regression tree, one can easily 523 

control the complexity of the model to prevent overfitting. The objective function, denoted 524 

by Obj, is com-prised of an error and a penalty that, in fact, can be represented by the 525 

following formulas: 526 

 

(1) 

Where K is the number of trees, f denotes the functional space of F, and F represents 527 

the collection of potential CARTs. The goal function of the aforementioned model is ex- 528 

pressed as: 529 

 

(2) 

The objective is Obj. Loss function, represented as l, is the difference between the 530 

observed and the predicted value of the model yi. Ω is the penalty; γ and λ are two tuning 531 

parameters. T is the count of leaf nodes and ω is the proportion of leaf nodes. XGBoost 532 

uses the Newton method to address the optimization problem in the function space and 533 

permits tailoring of the objective function to the needs of the user. A second-order Taylor 534 

expansion needs to be used to calculate the error function (Zheng et al., 2019; Ni et al., 535 

2020). Therefore, the objective function should be twice differentiable, which is a require- 536 

ment of the objective version. XGBoost is a training model that combines the outputs of 537 

every iteration of regression tree and learns based on the errors committed during previ- 538 

ous iterations. It is also a training process which depends on residuals. XGBoost is also 539 

among the most popular machine learning models with an impressive computa-tion 540 

speed and high simulation precision, which contributes to its popularity in hydrology re- 541 

search (Ji et al., 2021). 542 

3.6.7. Random Forest (RF) 543 

The RF model, introduced by Breiman (2001), employs Breiman's "bagging" concept 544 

to create an ensemble of decision trees with regulated variance. The RF model has been 545 

extensively utilized for regression and forecasting tasks. The RF model utilizes random 546 

binary trees and exploits a subset of observations through the bootstrapping technique. 547 

This involves sampling a random subset of the training dataset from the raw dataset to 548 

construct the model. The dataset that is not included in the model development is referred 549 

to as "out-of-bag" (OOB) and is used to analyze generic problems. 550 

The concept, known as Random Forest, emerged as an expansion of CART (classifi- 551 

cation and regression tree) with the aim of enhancing prediction accuracy (Liaw and Wie- 552 

ner, 2002). The Random Forest (RF) technique, proposed by Breiman in 2001, is a non- 553 

parametric and quasi-unsupervised algorithm that belongs to the decision tree family. It 554 

utilizes a collection of statistically independent trees to provide predictions for regression 555 

and classification tasks. The system combines multiple decision trees and aggregates their 556 

predictions. The method exhibits optimal performance when the quantity of observations 557 

surpasses the quantity of variables. Furthermore, it is regarded as dynamic since it can 558 

easily adjust to different ad-hoc learning challenges and effectively generate rankings of 559 

varying importance. To mitigate the statistical instability caused by even minor changes 560 

in the training dataset, several decision trees with bootstrap aggregation are employed 561 

(Mushtaq et al., 2022). Random forests are a highly efficient tool for making predictions. 562 
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Due to the Law of Large Numbers, they do not exhibit overfitting. By including appropri- 563 

ate randomness, they become precise classifiers and repressors. Moreover, the framework, 564 

in connection to the potency of the different predictors and their associations, provides 565 

understanding into the random forest's predictive capability (Breiman, 2001). 566 

4. Model Evaluation 567 

This research utilizes the R-Pkg of Hydrostat to assess the efficacy of Machine Learn- 568 

ing Algorithms. 569 

4.1. Nash-Sutcliffe Efficiency (NSE) 570 

The Nash-Sutcliffe efficiency (NSE) is a quantitative measure employed to evaluate 571 

the effectiveness of a model or simulation. 572 

The Nash-Sutcliffe efficiency (NSE) is a statistical metric that calculates the ratio of 573 

the residual variance (also known as "noise") to the measured data variance (sometimes 574 

known as "information") (Nash and Sutcliffe, 1970). NSE quantifies the level of agreement 575 

between the observed and simulated data by assessing how well they match with the 1:1 576 

line. The NSE is calculated using equation 1. 577 

 

(3) 

The variables utilized in this assessment include Yi obs (the ith observed value), Yi 578 

sim (the ith simulated value), Y mean (the mean of observed data), and n (the total number 579 

of observations). The NSE (Nash-Sutcliffe Efficiency) is a metric that runs from negative 580 

infinity to 1.0, where a value of 1.0 represents the highest level of performance. Acceptable 581 

values fall within the range of 0.0 to 1.0. Values that are less than or equal to 0.0 show that 582 

the observed value is a more accurate predictor than the simulated value, which is re- 583 

garded undesirable. 584 

4.2. NSE is recommended for two major reasons 585 

(1) It is endorsed by ASCE (1993) and Legates and McCabe (1999), and is advised for 586 

utilization.  587 

 (2) The NSE (Nash-Sutcliffe Efficiency) is widely used to provide detailed infor- 588 

mation on reported values. Sevat and Dezetter (1991) concluded that NSE is the most ef- 589 

fective objective function for accurately representing the overall fit of a hydrograph. Leg- 590 

ates and McCabe (1999) proposed a modified version of NSE that is less affected by ex- 591 

tremely high values, but it was not chosen due to its limited usage and lack of reported 592 

values. [43] 593 

4.3. Pearson’s correlation coefficient (r) and coefficient of determination (R2) 594 

Pearson's correlation coefficient (r) and coefficient of determination (R2) are statisti- 595 

cal measures used to quantify the strength and direction of the linear relationship between 596 

two variables.  597 

Pearson's correlation coefficient (r) and coefficient of determination (R2) quantify the 598 

level of collinearity between simulated and measured data. The correlation coefficient, 599 

which ranges from -1 to 1, measures the strength of the linear relationship between ob- 600 

served and simulated data. A value of r = 0 indicates no linear relationship, while r = 1 or 601 

-1 indicates a perfect positive or negative linear relationship, respectively. Similarly, R2 602 

represents the proportion of the variance in measured data that can be explained by the 603 

model. R2 ranges from 0 to 1, with higher values indicating less error variance. Typically, 604 
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values greater than 0.5 are considered acceptable (Santhi et al., 2001, Van Liew et al., 2003). 605 

However, it is important to note that r and R2 are sensitive to extreme values (outliers) 606 

and do not account for additive and proportional differences between model predictions 607 

and measured data. (Legates and McCabe, 1999). 608 

4.3.1. Knowledge Graph Embedding Model (KGE) 609 

Knowledge Graph Embedding (KGE) models aim to acquire the embedding and vec- 610 

tor representation of nodes and edges through supervised learning. This is achieved by 611 

projecting them into a continuous low-dimensional space. These vectors, with a few hun- 612 

dred dimensions, offer memory efficiency. The vector space assigns semantic meaning to 613 

each point, representing a concept, similar to word embedding.  614 

• Its Prerequisites are as follows 615 

• Basics of Machine learning and Neural Networks. 616 

• Understanding of mathematical relationships, 3D distance calculation, trig- 617 

onometry, and functions. 618 

A cup of coffee and your favorite music to help you stay focused because there will 619 

be so much math involved. A Knowledge Graph Embedding (KGE) should possess suffi- 620 

cient expressiveness to capture KGE qualities that pertain to the capacity to describe 621 

unique logical patterns for relations. KGE has the capability to incorporate or eliminate 622 

certain properties as per requirements. [44] 623 

4.3.2. Model Evaluation Statistics (Error Index) 624 

Mean absolute error (MAE), mean square error (MSE), and root mean square error 625 

(RMSE) are commonly used error indices for model evaluation. These indices provide 626 

valuable information about the errors in the units (or squared units) of the variable of 627 

interest, which helps in analyzing the results. A perfect fit is indicated by RMSE, MAE, 628 

and MSE values of 0. According to Singh et al. (2004), RMSE and MAE values that are less 629 

than half the standard deviation of the measured data can be considered low, and either 630 

of these indices is suitable for model evaluation. A standardized version of RMSE is se- 631 

lected. 632 

4.3.3. MSE Observations Standard Deviation Ratio (RSR) 633 

RMSE is a frequently employed statistical measure for error indices. (Chu and 634 

Shirmohammadi, 2004; Singh et al., 2004; Vasquez-Amábile and Engel, 2005) have dis- 635 

cussed the topic. It is widely accepted that a lower root mean square error (RMSE) indi- 636 

cates better model performance. However, only Singh et al. (2004) have provided a guide- 637 

line to determine what is considered a low RMSE based on the standard deviation of ob- 638 

servations. Following Singh et al.'s recommendation, a model evaluation statistic called 639 

the RMSE-observations standard deviation ratio (RSR) was developed. RSR standardizes 640 

the RMSE by using the observation standard deviation and incorporates both an error 641 

index and additional information suggested by Legates and McCabe (1999). RSR is calcu- 642 

lated by dividing the RMSE by the standard deviation of the measured data, as shown in 643 

the equation. 644 

 

(4) 

The RSR metric combines error index statistics and incorporates a scaling/normaliza- 645 

tion factor to make it applicable to different constituents. RSR ranges from 0, indicating 646 

perfect model simulation with no residual variation (RMSE), to a large positive value. A 647 

lower RSR indicates a lower RMSE and better model simulation performance. 648 
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Collinearity Index = 50%(Training Collinearity) + 50% (Testing Collinearity) 649 

Error Index = 50%(Training Error) + 50% (Testing Error) 650 

4.3.4. Model Efficiency Index(MEI) 651 

MEI = f(Collinearity Index |Error Index) 652 

where,  653 

Collinearity Index= f(NSE) 654 

Error Index = f(RSR) 655 

Higher the value of MEF indicates the best model 656 

4.4. Systematic Working of ML Algorithms 657 

 658 

Figure 7 Systematic Work Flow Diagram 659 

This systematic approach enables the integration of remote sensing and environmen- 660 

tal data with advanced ML algorithms, resulting in more accurate and dynamic predic- 661 

tions of reservoir inflow and outflow, which are essential for effective water resource man- 662 

agement and flood risk mitigation. 663 

Primary inputs include Rainfall (R), Land Surface Temperature (LST), and Synthetic 664 

Aperture Radar (SAR) data. Machine learning models are utilized to generate predictions 665 

for water level and storage by analyzing the relationships among environmental factors. 666 

The models calculate the variation in storage (1) and water level (1). Google Earth Engine 667 

is used to process SAR data to calculate the change in the surface area (∆A) of the reservoir 668 

as an outcome of the temporal changes. The changes in level ( ∆L ), storage ( ∆S ), and area 669 

( ∆A ) are calculated, and they are vital characteristics to the following machine learning 670 

mod-ule, which predicts the inflow in the reservoir. The inflow forecasts, and other vari- 671 

ables calculated, are then inputted into a later machine learning model to predict res- 672 

ervoir outflow. 673 

4.4.1. Input Stage 674 
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The methodology begins with collection of input information, such as rainfall (R), 675 

land surface temperature (T) and SAR imaging. These are essential in the understanding 676 

of the hydrological processes that influence the reservoir. 677 

4.4.2. Level-Storage Prediction 678 

The first analytics process involves predicting the storage (S) in the reservoir using a 679 

machine learning (ML) algorithm. Using this algorithm, the data on rainfall and tem-per- 680 

ature is taken into account to estimate the amount of water in the reservoir. 681 

4.4.3. Level Prediction: 682 

At the same time, the machine learning model predicts the water level (L) in the res- 683 

ervoir as well. This projection is affected by the differences in storage ( ΔS ) and is essential 684 

to understand the current state of the reservoir. 685 

4.4.4. Area Calculation: 686 

The surface area ( A ) of the reservoir is calculated with the help of Google Earth 687 

Engine that works with the SAR data to give accurate results. Also considered in the study 688 

is any change in the area (ΔA). 689 

4.4.5. Inflow Prediction: 690 

It is projected to inflow into the reservoir using another machine learning model. This 691 

forecast is based on the precipitation data and the predicted stor-age levels which will 692 

help estimate the amount of water flowing into the reservoir. 693 

4.4.6. Out Flow Prediction 694 

Finally, the predictions gained after the steps above become the input of another ma- 695 

chine learning model that determines the outflow of the reservoir. This outflow estimation 696 

uses the information of inflow, storage and water level to provide a comprehensive un- 697 

derstanding of amount of water that will be released out of the reservoir.  698 

Overall, our workflow is an effective way of combining various data sources and 699 

machine learning techniques to predict the behavior of the reservoir, ensuring that water 700 

management decisions are made.. 701 

5. Results 702 

5.1. Data Analysis 703 

In this process plotted Correlation matrices to select the suitable parameters for the 704 

input of Machine Learning Algorithms. 705 

 706 
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 707 

Figure 8. Correlation Model Efficiency Matrix 708 

The model efficiency index, MEI, is a thorough measure that assesses how well a 709 

model performs by taking into account both collinearity and error indicators. A greater 710 

MEI suggests a stronger fit of the model to the observed data, which is crucial for guaran- 711 

teeing accurate predictions in reservoir operations. 712 

This matrix displays the inflow relationship between variables such as level differ- 713 

ence, area difference, temperature, and average rainfall. The high results indicate a signif- 714 

icant link between these variables. 715 

The second essential variable in this matrix is the outflow, which exhibits a strong 716 

correlation with both inflow and the difference in storage. Therefore, we analyze these 717 

variables and their relationship to assess the outflow, which is the variable of interest. 718 

However, we exclude temperature from the outflow analysis because inflow already in- 719 

corporates temperature data, and the daily nature of this data results in a negligible evap- 720 

oration rate, close to zero, which has no impact on the outflow. 721 

The relationships between various factors and inflow and outflow in reservoirs are 722 

significant. Inflow is strongly linked to differences in level, storage, area, and temperature, 723 

emphasizing their importance in predicting inflow. Outflow, on the other hand, is closely 724 

connected to inflow and differences in storage. Levels and storage are highly correlated, 725 

as are differences in level and area, showcasing their impact on reservoir dynamics. While 726 

temperature and average rainfall also play a role, temperature is not directly analyzed for 727 

outflow as its influence is already accounted for in inflow. Understanding these relation- 728 

ships can help in developing more targeted and efficient machine learning models for 729 

reservoir management. 730 

Inflow shows strong positive correlations with variables such as difference in level 731 

(0.85), difference in storage (0.91), difference in area (0.89), and temperature (0.8). This 732 

highlights that changes in reservoir level, storage, and area, as well as temperature, are 733 

significant contributors to predicting inflow. 734 
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Outflow is most strongly correlated with inflow (0.65) and difference in storage 735 

(0.61), indicating that these two factors are critical for accurately forecasting outflow. 736 

Level and storage display a near-perfect correlation (0.97), and the difference in level 737 

and difference in area are also highly correlated (0.99), underscoring the interconnected- 738 

ness of these parameters in reservoir dynamics. 739 

Temperature and average rainfall show moderate correlations with inflow and out- 740 

flow, but temperature is excluded from direct outflow analysis because its effect is already 741 

captured through inflow, and daily evaporation rates are negligible. 742 

The matrix helps identify which variables are most influential for modeling and pre- 743 

dicting outflow, supporting more targeted and efficient machine learning models for res- 744 

ervoir management. 745 

 746 

Figure 9. Level Analysis Results 747 

 748 

Figure 10. Storage Analysis Results 749 
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 750 

Figure 11. Inflow Analysis Results 751 

 752 

Figure 12. Outflow Analysis Results 753 

5.2. Best Fit Model Selection Based on Results 754 

5.2.1. Best Fit Model for Level  755 

In the Table Highlighted Models & Model Efficiency Index Results are best fit Re- 756 

sults. The Level Analysis Table assesses the accuracy of multiple machine learning models 757 

in forecasting reservoir water levels, utilizing a range of statistical measures, including 758 

Nash-Sutcliffe Efficiency, R-squared, Kling-Gupta Efficiency, Mean Absolute Error, Mean 759 

Squared Error, Root Mean Squared Error, and Residual Standard Deviation, for both 760 

training and testing data sets. The Model Efficiency Index serves as a comprehensive met- 761 

ric to gauge model performance, where higher scores indicate a stronger correlation be- 762 

tween predicted and actual values. 763 
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KNN demonstrated flawless performance across all primary evaluation metrics 764 

(NSE, R², KGE = 1) for both the negligible error rates (MAE, MSE, RMSE, RSR was excep- 765 

tionally high, indicating a nearly perfect fit. As a non-parametric approach, KNN relies 766 

on identifying the most similar training examples in the feature space to make predictions. 767 

Its this case implies that the reservoir level data exhibit robust local trends, which KNN is 768 

well-suited to capitalize on. [45] 769 

XGB is a robust method in ensemble learning that constructs numerous decision trees 770 

in a sequence, focusing on minimizing errors at each stage. Its capacity to represent intri- 771 

cate, non-linear connections makes it especially well-suited for analyzing hydrological 772 

time series data. Achieving virtually flawless predictions, as evidenced by optimal values 773 

of NSE, R², and KGE, and negligible errors in MAE precision in both model training and 774 

validation. The exceptional performance of XGB in predicting be attributed to its ability 775 

to its overall resilience in modeling complex hydrological systems. [46] 776 

Random Forest (RF) demonstrates exceptional performance across various metrics 777 

such as NSE, to 1, while MAE, MSE, RMSE, and RSR are close to 0. Additionally, RF ex- 778 

hibits an unlimited MEI, underscoring its dependability in predicting levels. Given its 779 

composition of decision trees, RF effectively prevents overfitting and can effectively man- 780 

age intricate interactions among features often observed in reservoir level behavior. [47] 781 

[48] 782 

The GP model demonstrates exceptional accuracy (NSE, R², KGE = 1; MAE, MSE, 783 

RMSE, RSR = 0) even with an infinite MEI, suggesting that it can replicate the underlying 784 

dynamics with remarkable fidelity. As a probabilistic, non-parametric approach, GP offers 785 

not only precise forecasts but also quantifiable uncertainty assessments, and its adaptabil- 786 

ity enables it to effectively capture gradual patterns in reservoir level data. 787 

The selected models, namely KNN, XGB, RF, and GP, consistently provided the most 788 

accurate predictions for reservoir levels. This is denoted by their great statistical measures 789 

and elevated MEI values. Recent research establishes that the models are skillful to exam- 790 

ine nonlinear, high-dimensional hydrological data. These results demonstrate the signifi- 791 

cance of applying advanced machine learning methods to accurate and reliable forecast- 792 

ing of water levels during reservoir control. The most notable models were the KNN, XGB, 793 

RF, and GP, which gave very accurate estimates of reservoir levels. This was demon- 794 

strated by their good statistical results as well as the highest MEI values. Recent research 795 

has also validated their ability to be successful in addressing complex, nonlinear, and mul- 796 

tidi-mensional hydrological data. The results indicate the significance of applying ad- 797 

vanced machine learning methods to make accurate and reliable predictions of the water 798 

levels in reservoir operations. [49] 799 

Table 3. Level Analysis Table 800 

LEVEL (m) 
MEI 

Model 
Training Testing 

NSE R2 KGE MAE MSE RMSE RSR NSE R2 KGE MAE MSE RMSE RSR  

LM 1 1 1 0.07 0.01 0.1 0.01 1 1 1 0.08 0.01 0.11 0.01 100.00 

SVM 1 1 1 0.82 0.83 0.91 0.06 0.99 0.99 0.99 0.88 0.96 0.98 0.11 11.71 

KNN 1 1 1 0.01 0 0.02 0 1 1 1 0.02 0 0.04 0 INF 

XGB 1 1 1 0 0.05 0 0 1 1 1 0 0 0.05 0 INF 

PLS 0.99 0.99 1 0.92 1.33 1.15 0.08 0.99 1 0.94 0.77 0.75 0.87 0.09 11.65 

RF 1 1 1 0 0 0.01 0 1 1 1 0.01 0 0.03 0 INF 

RG 0.99 0.99 1 0.92 1.33 1.15 0.08 0.99 1 0.94 0.77 0.75 0.87 0.09 11.65 

GP 1 1 1 0 0 0 0 1 1 1 0 0 0 0 INF 

5.2.2. Best Fit Model for Storage 801 
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Table Highlighted Models and Model Efficiency Index Results exhibit best fit Re-sults.  802 

K-Nearest Neighbor (KNN), Extreme Gradient Boosting (XGB) and Random For-est (RF) 803 

showed high predictive performance of the reservoir storage level in addition to inflow 804 

and outflow. These algorithms take advantage of spatiotemporal patterns in the data, 805 

where KNN uses similarity based on proximity and XGB and RF uses complex interac- 806 

tions between features. They are collectively useful in giving a sound estimation of storage 807 

changes that are important in the management of reservoir and in the provision of water 808 

se-curity. 809 

Table 4. Storage Analysis 810 

STORAGE (BCM) 
MEI 

Model 
Training Testing 

NSE R2 KGE MAE MSE RMSE RSR NSE R2 KGE MAE MSE RMSE RSR  

LM 0.97 0.97 0.98 0.22 0.07 0.26 0.17 0.96 0.98 0.87 0.2 0.05 0.23 0.2 5.22 

SVM 1 1 0.98 0.1 0.01 0.11 0.07 0.99 0.99 0.99 0.09 0.01 0.1 0.09 12.44 

KNN 1 1 1 0 0 0 0 1 1 1 0 0 0.01 0.01 200.00 

XGB 1 1 1 0 0 0.01 0 1 1 1 0 0 0.01 0.01 200.00 

PLS 0.97 0.97 0.98 0.22 0.07 0.26 0.17 0.96 0.98 0.87 0.2 0.05 0.23 0.2 5.22 

RF 1 1 1 0 0 0 0 1 1 1 0 0 0.01 0.01 200.00 

RG 0.97 0.97 0.98 0.22 0.07 0.26 0.17 0.96 0.98 0.87 0.2 0.05 0.23 0.2 5.22 

GP 1 1 1 0.01 0 0.01 0.01 1 1 1 0.01 0 0.01 0.01 100.00 

5.2.3. Best Fit Model for Inflow 811 

In the Table Highlighted Models & Model Efficiency Index Results are best fit Re- 812 

sults. 813 

XGB performed better in extreme gradient boosting than other machine learning 814 

algo-rithms in predicting the inflow in reservoirs. XGB is superior in capturing the com- 815 

plexity and non-linearity of relationships and interactions in hydrological processes that 816 

are influenced by different environmental factors such as precipitation, temperature, and 817 

land surface alterations. By successively improving prediction errors and combining less 818 

powerful models, XGB effectively identifies minor patterns and associations in the input 819 

data, leading to accurate inflow predictions. This aspect is especially useful when dealing 820 

with transboundary reservoirs, whereby inflow trends may be unpredictable and influ- 821 

enced by climat-ic and human influences upstream.  822 

Recent research on XGB as an effective machine learning model that predicts reser- 823 

voir inflow is justified due to its ability to observe complex, non-linear interactions and 824 

interdependences among multiple environmental variables, such as rainfall land surface 825 

properties. [50] [51] [52]. 826 

Table 5. Inflow Analysis Table 827 

INFLOW (CFS) 
MEI 

Model 
Training Testing 

NSE R2 KGE MAE MSE RMSE RSR NSE R2 KGE MAE MSE RMSE RSR  

LM 0.89 0.89 0.92 3999.27 28077413 5298.81 0.33 0.79 0.82 0.81 4863.93 51709021 7190.9 0.45 2.15 

SVM 0.92 0.93 0.92 2476.94 19504080 4416.34 0.27 0.84 0.87 0.82 3920.64 40237097 6343.27 0.4 2.63 

KNN 0.94 0.94 0.95 2350.93 16829738 4102.41 0.25 0.84 0.86 0.85 4040.81 41186821 6417.7 0.4 2.74 

XGB 0.99 0.99 0.99 906.95 1732059 1316.08 0.08 0.83 0.85 0.87 4088.15 41902121 6473.18 0.41 3.71 

PLS 0.85 0.85 0.89 4653.68 37649105 6135.89 0.38 0.78 0.81 0.76 4954.66 54807797 7403.23 0.47 1.92 

RF 0.99 0.99 0.97 1119.98 3473336 1863.69 0.12 0.85 0.86 0.87 3871.06 38314429 6189.87 0.39 3.61 

RG 0.89 0.89 0.92 4004.52 28100262 5300.97 0.33 0.79 0.82 0.81 4850.21 51492771 7175.85 0.45 2.15 

GP 0.96 0.96 0.96 2124.52 11576632 3402.44 0.21 0.85 0.87 0.85 3865.08 38657980 6217.55 0.39 3.02 
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5.2.4. Best Fit Model for Outflow 828 

In the Table Highlighted Models & Model Efficiency Index Results are best fit Re- 829 

sults. 830 

The Random Forest (RF) algorithm has proven to be the most effective model for 831 

predicting outflow. RF is a machine learning technique that creates multiple decision trees 832 

and combines their outputs to enhance prediction accuracy and prevent overfitting. Its 833 

strength lies in its ability to handle complex relationships between variables, making it 834 

suitable for modeling reservoir outflow, which is influenced by various factors such as 835 

inflow, reservoir storage, operational releases, and other hydrological elements. RF's ca- 836 

pacity to process large amounts of data and automatically select important features ena- 837 

bles it to pinpoint key predictors for outflow, leading to dependable and understandable 838 

forecasts crucial for water resource management and flood prevention. [53] [54] [55]. 839 

Table 6. Outflow Analysis Table 840 

OUTFLOW (CFS) 
MEI 

Model 
Training Testing 

NSE R2 KGE MAE MSE RMSE RSR NSE R2 KGE MAE MSE RMSE RSR  

LM 0.83 0.83 0.88 1699.65 7645300 2765.01 0.41 0.91 0.92 0.85 1549.87 7719650 2778.43 0.31 2.42 

SVM 0.91 0.91 0.92 1359.22 4104768 2026.04 0.3 0.79 0.81 0.77 1516.09 17079132 4132.69 0.46 2.24 

KNN 0.94 0.97 0.94 1086.53 2858781 1690.79 0.25 0.78 0.08 0.75 1886.24 17930092 4234.39 0.47 2.39 

XGB 0.99 0.99 0.98 527.64 516523.9 718.7 0.11 0.7 0.72 0.73 2145.11 24138391 4913.08 0.54 2.60 

PLS 0.83 0.83 0.88 1699.65 7645300 2765.01 0.41 0.91 0.92 0.85 1549.87 7719650 2778.43 0.31 2.42 

RF 0.98 0.98 0.96 629.26 886433.3 941.51 0.14 0.76 0.79 0.75 1899.62 19219948 4384.06 0.49 2.76 

RG 0.83 0.83 0.87 1706.33 7646230 2765.18 0.41 0.9 0.92 0.85 1569.54 7767202 2786.97 0.31 2.40 

GP 0.96 0.96 0.97 912.74 1643856 1288.13 0.19 0.66 0.68 0.72 2020.45 27537534 5247.62 0.58 2.10 

6. Discussions 841 

The application of machine learning algorithms such as K-Nearest Neighbors (KNN), 842 

Extreme Gradient Boosting (XGB), Random Forest (RF), and Gaussian Processes (GP) has 843 

demonstrated significant efficiency in predicting various aspects of reservoir manage- 844 

ment, including reservoir levels, storage, inflow, and outflow. 845 

KNN is particularly effective in predicting reservoir levels and storage due to its sim- 846 

plicity and ability to handle non-linear relationships in data. Studies have shown that 847 

KNN can outperform traditional models in various predictive tasks, including estimating 848 

reservoir oil viscosity, which suggests its robustness in handling complex datasets [56]. 849 

Additionally, KNN has been utilized in developing reservoir operating rules, indicating 850 

its versatility in hydrological applications [57]. The model's reliance on historical data al- 851 

lows it to capture patterns effectively, making it a valuable tool in reservoir management. 852 

XGB has emerged as a powerful algorithm for predicting reservoir inflow, showcas- 853 

ing its high accuracy and efficiency across multiple studies. It has been reported that XGB 854 

can achieve predictive accuracies exceeding 90%, with some studies indicating up to 97% 855 

accuracy in specific applications [58]. This model's ability to learn complex patterns and 856 

relationships in data makes it particularly suitable for inflow forecasting, where accurate 857 

predictions are critical for effective reservoir operation [59]. Furthermore, XGB's perfor- 858 

mance in various predictive scenarios highlights its adaptability and effectiveness in hy- 859 

drological contexts [58]. 860 

Random Forest (RF) has also shown strong performance in predicting reservoir out- 861 

flow. Its capacity to handle non-linear data and interactions among variables makes it a 862 

robust choice for hydrological modeling [60].RF has been recognized for producing accu- 863 

rate and stable predictions, which is essential for managing reservoir operations effec- 864 

tively. The model's ensemble approach allows it to mitigate overfitting, enhancing its 865 
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predictive capabilities in dynamic environments such as reservoirs. Studies have indi- 866 

cated that RF can outperform traditional statistical methods, further solidifying its role in 867 

modern reservoir management practices [60]. 868 

Gaussian Processes (GP) provide a probabilistic prediction method which not only 869 

gives point estimates but also quantifies uncertainty, which is important in reser-voir 870 

management. Although particular examples of GP as applied to reservoir predic-tions 871 

were not given, the overall benefits of GP in complex system modeling hint at its possible 872 

relevance in this area. The versatility and strength of GP models qualify them to be appli- 873 

cable in situations where how much the pre-dictions are uncertain is of the same signifi- 874 

cance as the predictions themselves.  875 

Finally, the combination of KNN, XGB, RF, and GP into reservoir manage-ment prac- 876 

tices have demonstrated positive outcomes in forecasting the reservoir levels, storage, in- 877 

flow, and outflow. The strengths of each algorithm are different in the table, and they can 878 

contribute to the better choice and efficiency of work with water resources.. 879 

7. Recommendations 880 

Recent studies have investigated the effectiveness of the different machine learning 881 

models in forecasting various attributes of the reservoir management. The K-Nearest 882 

Neighbors (KNN), Extreme Gradient Boosting (XGB), Random Forest (RF) and Gaussian 883 

Process (GP) models have yielded encouraging outcomes in terms of predicting the levels 884 

of the reservoirs. KNN, XGB, and RF have demonstrated satisfactory efficiency in their 885 

predictive capabilities of reservoir storage, and XGB has demonstrated competence espe- 886 

cially in predicting reservoir inflow in all the models discussed. Moreover, Random Forest 887 

(RF) has been found to be effective at predicting reservoir outflow as opposed to the other 888 

models that have been tested. 889 

These results indicate that the selection of the most appropriate model depends on 890 

the aspect of reservoir management that is under prediction. As an example, when the 891 

main emphasis is made on estimating the level of the reservoir, all four models (KNN, 892 

XGB, RF, and GP) may be viewed as potential solutions. Nevertheless, KNN, XGB, and 893 

RF can be the most desirable options to predict the reservoir storage.  894 

In terms of predicting the in-flow of the reservoir, the XGB model stands out as the 895 

most efficient one, whereas RF is the one to be suggested to predict the out-flow of the 896 

reservoir. It is noteworthy that the results of these models can differ with regard to the 897 

dataset in question, the size of the training sample, and the complexity of underlying re- 898 

lationships between the input variables and the target one. Therefore, it is recommended 899 

to experiment with multiple models and compare their performance to identify the most 900 

suitable one for a given problem. 901 

8. Conclusion  902 

This study aims to provide insights and recommendations for enhancing reservoir 903 

management practices, facilitating informed decision-making processes, formulating ef- 904 

fective plans, and optimizing the allocation of reservoir storage for flood control purposes. 905 

The precise prediction of reservoir inflow is of utmost importance in ensuring efficient 906 

and prompt flood management, mitigating potential harm, and minimizing the likelihood 907 

of failing to satisfy water requirements downstream. Subsequent investigations may pri- 908 

oritize the development of ensemble models and the subsequent comparison of their effi- 909 

cacy with machine learning methods in the realm of reservoir inflow prediction. Moreo- 910 

ver, conducting a comparative analysis of machine learning algorithms and physically- 911 

based models in terms of their predicting capabilities for reservoir inflows will provide a 912 

full evaluation of the respective benefits associated with these forecasting methodologies. 913 

The use of remote sensing data in regions with limited data availability, particularly in 914 



Proceedings of 3rd WAPDA Conference on Applications of Artificial Intelligence for Water Resources Planning and Management 31 of 33 
 

developing nations, has significant potential and warrants further exploration in future 915 

research endeavors. Additional topics of research might include the investigation of the 916 

impact of water management practices on lake resources, with a particular focus on the 917 

inclusion or exclusion of recreational values as control variables in optimization processes. 918 

Furthermore, there is potential for exploring frameworks aimed at improving reservoir 919 

water management, as well as studying arctic terrestrial ecosystems. 920 

9. Future Research 921 

For better Results huge amount of data and deep learning modules can accurate more 922 

results. 923 

 924 
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