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Abstract 7 

Almost all data-driven fields have been revolutionized by machine learning. Water resources man- 8 

agement is a rich domain of data, and Machine learning can help improve water resource manage- 9 

ment by leveraging such a large amount of data. A plethora of studies worldwide have established 10 

significant potential in the application of machine learning in water resources management and its 11 

subfields. However, a relatively limited number of studies have been conducted in Pakistan, and 12 

the opportunity of machine learning from a Pakistani perspective has not been explored.  This 13 

study aims to present a systematic review of machine learning application studies conducted in 14 

Pakistan in the area of water resources management. Over the past five years, nearly two dozen 15 

studies have been reviewed that have been done in Pakistan. Studies reviewed focus on groundwa- 16 

ter quality and recharge monitoring and management, stream flow forecasting, climate change im- 17 

pacts on stream flows, surface water quality modeling, and drought prediction and management. 18 

Different machine learning algorithms were applied to get results for the above-mentioned tasks. 19 

For example, Random Forest, Decision Trees, Support Vector Machine (SVM), ANNs, and CNNs. 20 

The use of RNN-LSTM and IoT are getting popular day by day. Different researchers explored 21 

different machine learning algorithms to perform the same task, and compared the performances of 22 

these algorithms. The current study also seeks to suggest a new direction for machine learning- 23 

based water resource management in Pakistan. 24 

Keywords: Machine Learning; Water resources management; stream flow prediction; drought 25 

management; groundwater quality; climate change 26 

 27 

1. Introduction 28 

1.1. Overview of Machine Learning and Water Resource Management 29 

Machine learning (ML) has dramatically reshaped many fields by allowing the anal- 30 

ysis and use of large and complex datasets. In the domains of hydrology and environmen- 31 

tal sciences, as well as others with growing amounts of data, ML provides means to im- 32 

prove predictive accuracy, detect trends, and optimize resource allocation. (Ahmad et al., 33 

2024) Employed the normalized difference vegetation index (NDVI) and normalized dif- 34 

ference built-up index (NDBI) to examine the change in the landscape of Islamabad over 35 

the last four decades. They have found that there is a significant decrease in the bare land 36 

and water bodies. The built-up areas have expanded to 61% by 2023. They recommended 37 

that there is an immediate need to intervene and monitor by the authorities to preserve 38 

the environmental balance.  39 
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ML techniques have been applied with increasing frequency to address important 40 

issues in water resource management, such as water scarcity, pollution, and climate vari- 41 

ability, which is important for ensuring sustainable development. Another study con- 42 

ducted by (Ahmad et al., 2023) used 2D HEC-RAS software to analyze the dam breach for 43 

the data obtained from the Mangle Dam. Their prime concern was to find the probable 44 

maximum flood, which mainly triggers the dam collapse through piping and overtop- 45 

ping. The findings indicate peak flow rates of 174,850 m3/s and 177,850 m3/s in the down- 46 

stream area near the dam, resulting in flooded regions of 379 km2 and 394 km2 due to 47 

piping and overtopping failures, respectively. 217 km2 of agricultural land and 56 km2 of 48 

urban areas would be drowned in the event of a piping collapse, according to the analysis 49 

of Land Use Land Cover data. On the other hand, 59 km2 of metropolitan areas and 220 50 

km2 of agricultural land will be submerged in overtopping failure.  51 

With ML algorithms that learn from past data, ML is used to model hydrological 52 

systems, to predict future scenarios, and to support efficient decision-making. These are 53 

the main reasons that the ML is gaining popularity in the field of water resources man- 54 

agement.  55 

1.2. Challenges in Water Resource Management 56 

Water resource management is effective when it balances competing demands 57 

among agricultural, industrial, and domestic sectors as well as environmental sustaina- 58 

bility. Water stress is becoming more and more of a challenge globally due to population 59 

growth, urbanization, and climate change. While valuable, traditional methods have dif- 60 

ficulty integrating the multi-faceted nature of water systems, including temporal and spa- 61 

tial variability. However, ML, with the help of computational power and advanced algo- 62 

rithms, offers options to overcome these limitations. Real-time monitoring and forecasting 63 

enable resilience against droughts, floods, and other water-related crises. 64 

There are still a few limitations and challenges in the use of ML algorithms in the 65 

field of water resources management. (Waseem et al., 2023) used the analytical hierarchy 66 

process to develop the flood hazard index in Sawat. Their study faced limitations, such as 67 

the image quality of SRTM-30 was not good. Similarly, the subjectivity in assigning coast- 68 

lines to certain parameters. 69 

1.3. Relevance to Pakistan 70 

Pakistan has major water management problems, as the Indus Basin system provides 71 

more than 80 per cent of Pakistan’s agriculture and freshwater needs. This system has 72 

been under immense pressure from rapid urbanization, agricultural intensification, and 73 

climate-induced variability. Challenges compound from groundwater over extraction, de- 74 

teriorating water quality, and erratic river flows, which necessitate data-driven manage- 75 

ment approaches. While ML has been successfully applied globally to address similar 76 

problems, it could be more effective in Pakistan. What is needed is localized solutions that 77 

account for the country’s special geographical and socio-economic context. 78 

1.4. Significance of This Study 79 

To bridge this knowledge gap, this paper conducts a systematic review of ML appli- 80 

cations in water resources management, especially in Pakistan. It presents studies that 81 

have been conducted over the past five years in the areas of groundwater recharge and 82 

quality monitoring, streamflow prediction, and surface water modeling. The findings are 83 

meant to show how ML can transform the way of governance and sustainability of water 84 

in Pakistan. Additionally, the challenges in implementing ML solutions are studied, and 85 

recommendations for improving their adoption and effectiveness are made. 86 
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1.5. Structure of the Paper 87 

The following sections of this paper explore the topic in detail. The methodology pre- 88 

sents the research approach in this systematic review, and the literature review synthe- 89 

sizes the prior studies in Pakistan. Key findings are highlighted from reviewed studies 90 

and discussed in depth, along with recommendations for the way forward. 91 

2. Literature Review 92 

Machine learning (ML) has gained traction as a transformative tool for addressing 93 

water resource challenges globally, including in Pakistan. The following sections synthe- 94 

size key studies conducted in the country, highlighting the application of ML in various 95 

sub-domains of water resource management. Figure 1 was developed using a software 96 

called VOS. This figure shows the occurrence of main keywords on the implementation 97 

of ML models in the field of water resources management (WRM) globally. A few studies 98 

will be explained in detail, remaining ones will be shown in tabular form at the end of this 99 

section. 100 

 101 

Figure 1. Major keyword occurrences in the literature on the implementation of ML models within 102 

the domain of WRM. 103 

The use of ML for predictive analysis in water-related events is particularly signifi- 104 

cant in arid and semi-arid regions, such as Pakistan, where water scarcity remains an ur- 105 

gent concern. The ML tools can analyze historical data on rainfall and temperature to pre- 106 

dict drought events, improving preparation and resilience from water deficiency 107 

(Drogkoula, Kokkinos and Samaras, 2023). Furthermore, integrating remote action and 108 

ML has allowed progress in monitoring water quality parameters, offering timely insights 109 

on sources of pollution and hotspots, thus supporting rapid regulatory actions. 110 

2.1. Groundwater Quality and Recharge Monitoring 111 

Machine learning (ML) has emerged as a powerful tool for predicting groundwater 112 

levels in Pakistan. This country faces important water management challenges exacer- 113 

bated by climate change and increased water demand. Implementing ML models in this 114 



Proceedings of 3rd WAPDA Conference on Applications of Artificial Intelligence for Water Resources Planning and Management 4 of 23 
 

domain aims to address the spatial and temporal variability of groundwater resources, 115 

which is critical for sustainable management. 116 

In recent studies, researchers have used several ML techniques, including artificial 117 

neural networks (ANN), support vectors (SVM), and hybrid approaches, to forecast 118 

groundwater levels with a greater degree of precision in precision Comparison to tradi- 119 

tional methods. (Tao et al., 2022) performed an extensive examination of the prediction of 120 

the groundwater level using ANN in different regions in Pakistan. The researchers gath- 121 

ered historical data on groundwater levels, weather parameters, and land use, integrating 122 

these variables to develop predictive models. The evaluation of the models demonstrated 123 

a high correlation between the predictions and real levels of underground water, high- 124 

lighting the ML's potential to improve predictive capabilities in the management of water 125 

resources. 126 

(Ahmadi et al., 2022) expanded even more in this effort by implementing an SVM 127 

approach to predict groundwater fluctuations in the Punjab region, known for its exten- 128 

sive agricultural activities that depend largely on groundwater. Their research incorpo- 129 

rated several characteristics, such as the rates of abstraction of groundwater, rain data, 130 

and evapotranspiration, which significantly influenced the recharge and exhaustion of 131 

groundwater. The results indicated that SVM models offered superior predictive perfor- 132 

mance, effectively capturing nonlinear relationships inherent in groundwater data. The 133 

findings underlined ML's ability not only to forecast future groundwater levels but also 134 

to identify underlying trends and patterns that could inform more sustainable manage- 135 

ment practices. 136 

In addition, the integration of satellite remote sensing data with ML algorithms rep- 137 

resents an innovative approach to monitoring groundwater resources. Using the surface 138 

temperatures of the Earth, vegetation rates, and other satellite data sets, researchers can 139 

develop models that explain large-scale hydrological processes and local variations. These 140 

applications allow more comprehensive evaluations of groundwater levels even in remote 141 

areas, where land monitoring can be limited. A recent case study illustrated the potential 142 

of this methodology in the province of Sindh, where the availability of insufficient data 143 

often hinders groundwater management initiatives. 144 

Despite the promising advances in ML applications for groundwater level prediction, 145 

several challenges persist. The availability of data and quality remain significant obstacles; 146 

Many regions in Pakistan suffer from inappropriate hydrological data, which makes 147 

model training less effective. In addition, the variability of climatic conditions raises an- 148 

other challenge, since the models developed for a region may not generalize to other re- 149 

gions without significant calibration. In addition, the complexity of hydrological systems 150 

requires interdisciplinary collaboration between data scientists, hydrologists, and policy 151 

formulators to improve the model's efficacy and informed decision-making. 152 

These innovations and results have substantial political implications. When adopting 153 

ML-based models for groundwater management, those in charge of formulating policies 154 

can make more decisions based on data, optimize water allocation, and mitigate the risks 155 

associated with the extraction of groundwater resources. In addition, the incorporation of 156 

these predictive tools into integrated Water Resource Management (IWRM) can improve 157 

resilience against water scarcity and contribute to sustainable agricultural practices in Pa- 158 

kistan. As the country aims to address its water challenges, fostering an environment con- 159 

ducive to the adoption of ML technologies will be critical to achieving long-term sustain- 160 

ability in water resources management., Tellestration technologies have become essential 161 

tools for the evaluation and management of surface water resources, in particular in the 162 

critical agricultural region of Punjab, Pakistan. The integration of these technologies with 163 

machine learning algorithms (ML) has considerably improved the capacity to analyze the 164 

variability of surface water. This synergistic relationship has introduced new 165 
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methodologies to assess water dynamics on extended time ladders, thus facilitating in- 166 

formed decision-making regarding the management of water resources. 167 

(Rasool et al., 2022) conducted an in-depth study using remote sensing data inte- 168 

grated with machine learning techniques to evaluate groundwater productivity potential 169 

in Baluchistan province. The model employed different ML algorithms (MLAs), as shown 170 

in Figure 2. The ML structure has foreseen potential groundwater zones with a consider- 171 

able accuracy of 87%, demonstrating that remote sensing variables, when combined with 172 

algorithms, can offer valuable information on groundwater availability. 173 

 174 

Figure 2. The Groundwater Productivity Potential Maps created from different MLAs for the study 175 

area: (a) ANN, (b) SVM, (c) RF, (d) KNN, (e) NB and (f) XGBoost. 176 

Although there are successful measures of performance inside the company, very 177 

few models are tested across all regions and a lack of data in Balochistan and Sindh slows 178 

down the learning process. There are not many long-term studies on groundwater 179 

changes under climate change which is an important research problem. 180 

Working with remote sensing data and ML (for example, from GRACE satellites) has 181 

a lot of potential, but it is still not being fully used. It would be useful for future research 182 

to look into transfer learning or federated learning to help models function better in many 183 

areas. 184 
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2.2. Streamflow Prediction 185 

The (Tariq and Qin, 2023) highlights a complete analysis of the variability of surface 186 

water in Punjab from 1985 to 2020 using remote sensing data, supported by machine learn- 187 

ing techniques. Their results underline a clear trend in the fluctuation in the availability 188 

of surface water, influenced by many factors, in particular climate variability, changes in 189 

land use, and anthropogenic pressures, as shown in figure 3. By taking advantage of tele- 190 

operation data sets - such as Landsat imaging and various observations by hydrological 191 

satellite - this research has enabled a granular understanding of how surface water bodies 192 

have evolved over the past four decades.  193 

 194 

Figure 3. The level of water occurrences in the entire time series (1985–2020) in Punjab, Pakistan. 195 

By using machine learning methodologies, such as forest vector and random support 196 

machines, the authors of this study have been able to develop predictive models that as- 197 

sess the impact of climatic and environmental variables on the variability of surface water, 198 

as shown in figure 4. The application of these models has given a significant overview of 199 

the seasonal and spatial distribution of water resources, highlighting the critical periods 200 

of water shortage and abundance. In particular, the study observed that from the mid - 201 

1990s, there was a marked increase in surface water stress exacerbated by the increase in 202 

temperatures and the decrease in precipitation, in correlation with trends wider in climate 203 

change.  204 
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 205 

Figure 4. Time sequence of annual total water area and GDP (Agriculture) in various areas: a) Arid 206 

(b) Semi-arid, and (c) Wet zone. 207 

(Herbert, Asghar and Oroza, 2021) suggested a novel multi-step forecasting method 208 

to increase the accuracy of long-term projections for water supply and inflow volumes. 209 

This method trains an encoder-decoder algorithm to forecast the reservoir inflow of up- 210 

coming time-steps during the April–July runoff period using previous snow water equiv- 211 

alent (SWE) and reservoir inflow time-series data. Five-fold time-series cross-validation is 212 

used to identify the best model and hyperparameters for differences between convolu- 213 

tional neural network (CNN) encoder-decoder algorithms and long short-term memory 214 

(LSTM) algorithms. Using 30 years of reservoir inflow and SWE data from Utah's Upper 215 

Stillwater Reservoir, they assessed each algorithm.  An LSTM encoder-decoder tech- 216 

nique with 16 nodes per layer was the best model. In comparison to a process-based En- 217 

semble Streamflow Prediction (ESP) model as a baseline and more straightforward statis- 218 

tical techniques typically employed in forecasting (SARIMA, VAR, TBATS), they exam- 219 

ined the trade-off between model complexity and accuracy for long-term water supply 220 

using this approach. The best deep learning algorithm's long-term water supply projec- 221 

tions out performed statistical techniques and were on par with the ESP 50% exceedance 222 

probability forecast, or the most likely forecast, when assessed over five consecutive hold- 223 

out periods. 224 

In addition, the integration of machine learning with remote sensing data made it 225 

possible to identify the hot spots of the variability of water, thus helping decision-makers 226 
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to prioritize the intervention areas. For example, the landscapes characterized by a rapid 227 

degradation of intensive agricultural land or practices have been identified as critical ar- 228 

eas where surface water resources are particularly vulnerable. By facilitating a prediction 229 

of future scenarios under different climate models, this integration of technologies con- 230 

tributes to proactive resource management strategies. 231 

Most local water agencies cannot use deep learning models because they are not eas- 232 

ily understood by people. Also, reservoir models developed elsewhere (for example, 233 

Utah) might not work well for Pakistan’s hydrology. 234 

Western Pakistan (like Khyber Pakhtunkhwa or Baluchistan) is rarely explored in 235 

streamflow modeling and most models do not take socio-economic drivers (water de- 236 

mand, land use) into account. 237 

2.3. Surface Water Quality Modeling 238 

As clarified in the work of (Aslam et al., 2022), the integration of hybrid ML tech- 239 

niques, in particular a combination of decision-making trees, vector support machines, 240 

and neural networks, has produced promising results in the forecast and evaluation of the 241 

quality of the water quality in various water bodies in the country. The complexities as- 242 

sociated with the water resources of Pakistan, aggravated by climatic variability and an- 243 

thropogenic pressures, have requested the development of sophisticated analytical tools 244 

that can effectively process and interpret large quantities of environmental data. 245 

Aslam et al. (2022) conducted a complete study focused on the sources of urban and 246 

rural water, examining the key quality of water, such as turbidity, pH, dissolved oxygen, 247 

and presence of contaminants. The implementation of a hybrid ML approach has not only 248 

improved the predictive accuracy but also offered deeper insights into the models and 249 

anomalies underlying the sets of water quality data. These techniques have allowed re- 250 

searchers to identify critical pollution hotspots, allowing the interested parties to priori- 251 

tize the interventions and the allocation of resources effectively. 252 

The results of this study underline the impact of seasonal variations on the quality of 253 

the water, revealing that during the months of the monsoons, the levels of pollution tend 254 

to increase due to the outflow and the increase in agricultural activity. By using hybrid 255 

ML algorithms, researchers have been able to develop solid models that have informed 256 

local communities about the times and potential dangers of water contamination, thus 257 

improving awareness of public health and facilitating proactive measures. In addition, the 258 

study highlighted the role of the commitment of the community in the data collection, 259 

which ensured that local knowledge was integrated into the modeling process. This par- 260 

ticipatory approach has not only favored trust but also allowed communities to take on 261 

an active role in monitoring their water quality. 262 

The implications of these results are manifold, in particular for local governance and 263 

the formulation of policies. Firstly, the distribution of hybrid ML models can simplify 264 

monitoring processes for the management of water quality, allowing authorities to re- 265 

spond more quickly to potential public health threats. By incorporating data feeds in real- 266 

time from sensors and city relationships in predictive models, local governments can fa- 267 

cilitate timely interventions, thus mitigating the risks associated with water-based dis- 268 

eases, which are prevalent in many regions of Pakistan. 269 

In addition, the research underlines the need to develop institutional skills within the 270 

local bodies. The training staff on the use of ML tools and data interpretation is crucial to 271 

support these innovations. Investments in technology and continuous education will al- 272 

low local institutions to exploit data-based insights for a more informed decision-making 273 

process. Politicians are pushed to consider the framework that supports the integration of 274 

these technologies within the existing water management practices, thus promoting an 275 

adaptive governance structure that can respond to changing environmental conditions. 276 
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Though ensemble approaches produce better results, this makes understanding or 277 

believing the results a challenge for policymakers. It is also difficult to repeat studies since 278 

the data collected is heterogeneous and there aren’t national databases available for water 279 

quality. 280 

Not many studies examine using IoT and ML to watch over water quality continu- 281 

ously. Every province keeps data collection records using different procedures. 282 

2.4. Drought Prediction and Management 283 

As the field of management of water resources evolves, the integration of machine 284 

learning can reshape the practices and policies, guiding towards a more sustainable and 285 

efficient use of water resources in Pakistan., In recent years, the application of machine 286 

learning (ML) for the forecast of drought has emerged as a vital research area in Pakistan. 287 

This country faces significant challenges related to water scarcity and climate variability. 288 

This section examines a remarkable case study by (Khan et al., 2020), which effectively 289 

used various machine-learning methodologies to improve drought conditions in Pakistan. 290 

The study aimed to provide timely and accurate predictions to facilitate better water re- 291 

sources and mitigate adverse drought effects. 292 

(Khan et al., 2020) employed a combination of historical climate data, including soil 293 

temperature, precipitation, and humidity, to develop a predictive model for drought fore- 294 

casting, as shown in figure 5. The selected methodologies included random forests (RF), 295 

support vector machines (SVM) and neural networks (NN), all of which are prominent 296 

machine learning techniques known for their robustness in the recognition of patterns and 297 

predictive analysis. The data set comprised weather records that cover several decades, 298 

allowing the model to capture underlying trends and seasonal variations associated with 299 

drought events.  300 

 301 

Figure 5. Percentage of drought-affected area during the Rabi and Kharif seasons. 302 
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The random forest algorithm, known for its joint learning approach, was particularly 303 

effective in this context due to its ability to manage large data sets with numerous predict- 304 

ing variables. By building several decision trees and adding their results, the RF model 305 

provided a reliable forecast of drought occurrences with a high degree of classification 306 

accuracy. The authors reported that the RF model overcame traditional statistical meth- 307 

ods, demonstrating a remarkable increase in predictive capacity, which is fundamental 308 

for timely decision-making in water resource management. 309 

In addition, the support vector machine algorithm has been used to classify drought 310 

events based on specific features derived from climate data. The effectiveness of SVM 311 

stems from its ability to create hyperplanes in high-dimension spaces, making it particu- 312 

larly adept at dealing with complex patterns often present in environmental data sets. The 313 

study revealed that SVM produced accurate results, aligning with those of the random 314 

forest approach, reinforcing the reliability of the developed predictive models, as shown 315 

in figure 6 and 7. 316 

 317 

Figure 6. Performance of different machine learning-based models in predicting moderate droughts 318 

in the Rabi season. 319 
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 320 

Figure 7. SPEI derived from observations and simulated by ML-based models during a few major 321 

droughts in Rabi season. 322 

In addition, the neural network model provided a different understanding of inter- 323 

dependencies between various climatic factors. By leveraging deep learning techniques, 324 

the neural network has demonstrated the ability to learn complex relationships within the 325 

data, leading to greater precision in drought forecasting. Khan et al. Incorporated mecha- 326 

nisms, such as layers of abandonment to avoid excess adjustment, allowing the model to 327 

better generalize with invisible data. This hierarchical learning approach facilitated the 328 

performance of the model, highlighting the transformative potential of artificial neural 329 

networks in environmental applications. 330 

The results of the study highlighted the importance of integrating machine learning 331 

methodologies into water management practices in Pakistan. Through accurate drought 332 

forecasts, stakeholders can adopt proactive measures such as optimizing water allocation, 333 

increasing agricultural planning, and implementing conservation strategies. In addition, 334 

findings highlight the need to prioritize investments in data collection and infrastructure, 335 

as comprehensive data sets serve as the basis for training robust machine learning models. 336 

Despite the promising effectiveness of machine learning illustrated in this case study, 337 

several challenges remain. This includes the quality and availability of weather data, the 338 

need for training between stakeholders, and the need for institutional structures to sup- 339 

port the implementation of ML solutions. Taking advantage of the ideas of (Khan et al., 340 

2020), Policy training must recognize the importance of facing these challenges to com- 341 

pletely take advantage of the potential of machine learning in water resource manage- 342 

ment, paving the way for innovative solutions to climate change and water shortage in 343 
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Pakistan., Recent progress in machine learning (ML) and data mining algorithms showed 344 

significant potential in improving the management of water quality in Pakistan. 345 

Most Pakistani drought studies focus on a single method and hardly use multi-model 346 

ensembles with uncertainty quantification. Also, forecasts for the sub-seasonal range 347 

(such as one to two months ahead) which are valuable to agriculture, have been studied 348 

less. 349 

The models depend heavily on climate and predictors, but hydrological and social- 350 

economic factors are rarely included (for example, prices of water and crop patterns). 351 

2.5. Climate Change Impacts on Hydrology 352 

Climate variability poses a severe threat to Pakistan’s water resources. (Khan, Pilz 353 

and Ali, 2021) performed a study to assess the climate change impact. This study evaluates 354 

the performance of thirteen CMIP5 Global Climate Models (GCMs) for the Upper Indus 355 

Basin (UIB), Pakistan, utilizing Bayesian Model Averaging (BMA) to select suitable mod- 356 

els and produce ensemble climate projections. Key findings include: 357 

1. The top-performing GCMs varied for maximum and minimum temperature and 358 

precipitation, although some models excelled across all three variables. 359 

2. BMA-based ensemble projections showed higher correlation with observed data 360 

compared to individual GCM outputs and successfully captured observed 361 

trends, including extreme values within 90% prediction intervals. 362 

3. Under RCP4.5 and RCP8.5 scenarios (2011–2040), projections indicate significant 363 

differences in temperature and precipitation compared to the baseline (1981– 364 

2010):  365 

4. RCP8.5 exhibited greater variability, particularly during winter, and more pro- 366 

nounced changes in temperature and precipitation. 367 

5. Precipitation decreases were projected for specific months (e.g., January and Au- 368 

gust under RCP4.5; March, May, and others under RCP8.5), with RCP8.5 show- 369 

ing larger overall changes. 370 

This research highlights BMA's efficacy in improving climate projections and its rel- 371 

evance for regional impact assessments under varying emission scenarios. 372 

(Ahmad et al., 2025), Their study forecasted the future water demand scenarios in the 373 

Upper Indus Basin with an emphasis on reference, high population growth, increased ir- 374 

rigation, and decreased population growth scenarios. According to the baseline scenario, 375 

population growth and rising domestic water consumption will cause the water demand 376 

to significantly increase from 35.74 billion cubic meters (BCMs) in 2020 to 60.28 BCMs by 377 

2035. This demand is made worse by rapid population increase, which will reach 62.96 378 

BCM by 2035. The purpose of this study was to meet residential water needs under dif- 379 

ferent growth scenarios while taking per capita consumption and population growth rate 380 

into account. The study simulates water consumption under various socioeconomic cir- 381 

cumstances using integrated hydrological modelling. Analysing baseline water demand, 382 

forecasting future conditions, and assessing the effects of population growth and in- 383 

creased irrigation on water supplies are important techniques. The findings show that se- 384 

rious water shortages will result from sluggish water supply management if nothing is 385 

done. A 3% increase in irrigated area leads to increased irrigation, which raises the de- 386 

mand for agricultural water to 56.37 BCM by 2035. 387 

Though these studies use the best global practices for writing scenarios, they rarely 388 

include ML-driven optimization tools for water allocation or early warnings. 389 

Climate models do not always match the tools water managers use for decision mak- 390 

ing in Pakistan. Bringing these domains closely together is very important. 391 

2.6. Challenges and Research Gaps 392 
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2.6.1. Limitations in Methodology 393 

Below are a few methodological limitations. 394 

• Just a few studies in the research used cross-validation or independent test 395 

sets for validation. 396 

• Not having common data samples or standards for measuring and compar- 397 

ing models. 398 

• Incorporating SHAP and LIME (both forms of explainable AI) to improve 399 

transparency in models. 400 

2.7. Topical and Geographical Gaps in the Study 401 

• Punjabi research makes up the majority and Baluchistan and Gilgit-Baltistan 402 

are understudied. 403 

• Water management subdomains that require more attention are real-time 404 

monitoring of water, forecasting future water supplies in cities and provid- 405 

ing guidance through decision support systems. 406 

2.8. Need for this Study 407 

Appreciating the scattered way research is done, unevenness between regions, and 408 

the gap between ML and decision-making, there is an obvious demand for an extensive, 409 

critical review that: 410 

• Combines and reviews types of machine learning used in managing water 411 

resources in Pakistan. 412 

• Determines why and where performance is slowing and where there are data 413 

problems. 414 

• Proposes standard processes and areas for upcoming research that match the 415 

Pakistani situation. 416 

By comparing various ML approaches, areas studied and regions, this research seeks 417 

to help researchers, practitioners, and policy-makers choose suitable and data-driven so- 418 

lutions for water management. 419 

Table 1 provides a brief overview of some of the recent applications of ML for WRM 420 

in Pakistan. 421 

Table 1. Recent Applications of ML for WRM in Pakistan 422 

Sr. 

No. 
Research Field Algorithm Goal Reference 

1 Drought Prediction RNN-LSTM 

Predict drought patterns in arid regions 

of Pakistan to enhance sustainable water 

management. 

(W. Shah et al., 

2024) 

2 
Water Quality As-

sessment 
IoT + ML 

Monitor and assess water quality for ag-

ricultural efficiency in Sindh. 

(Rahu et al., 

2024) 

3 
Spatiotemporal Dy-

namics 
Random Forest 

Analyze spatiotemporal variation of wa-

ter sources using ML and remote sensing 

in Punjab. 

(Tariq and 

Qin, 2023) 

4 
Streamflow Fore-

casting 
ANN 

Forecast monthly streamflow in the 

Hunza River Basin to optimize resource 

planning. 

(Khan et al., 

2023) 

5 
Groundwater Anal-

ysis 
CNN + GIS 

Investigate groundwater depletion in 

Balochistan using integrated AI tech-

niques. 

(Rasool et al., 

2022) 

6 
Flood Risk Assess-

ment 
Gradient Boosting 

Predict and manage flood risks in urban 

and rural areas. 

(Ali and Tariq, 

2020) 
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7 
Surface Water 

Quality Modeling 

Gaussian Process Re-

gression 

Model surface water quality parameters 

for sustainable water usage in rivers. 

(Abbas and 

Shoaib, 2024) 

8 
Drought Severity 

Index 
Hybrid ML Models 

Develop a drought severity index tai-

lored to semi-arid regions of Pakistan. 

(Iqbal and 

Riaz, 2023) 

9 
Reservoir Opera-

tion Optimization 

Reinforcement 

Learning 

Optimize reservoir operations for hydro-

electricity and irrigation purposes. 

(Shahzad and 

Malik, 2023) 

10 
Rainfall-Runoff 

Modeling 

ANN + Genetic Algo-

rithm 

Model rainfall-runoff relationships in 

ungauged watersheds of Pakistan. 

(G. Shah et al., 

2024) 

11 
Groundwater Re-

charge Prediction 
Decision Trees 

Predict recharge rates under varying cli-

matic conditions in Punjab. 

(Meng et al., 

2024) 

12 
Urban Water Qual-

ity Management 
SVM 

Monitor and control industrial pollu-

tants affecting surface water in urban ar-

eas. 

(Shah et al., 

2021) 

13 
Agricultural Water 

Allocation 
K-Means Clustering 

Optimize water distribution across agri-

cultural zones to maximize yield. 

Mustafa et al., 

2023 

14 
Flood Early Warn-

ing System 
Naive Bayes 

Develop real-time flood warning sys-

tems for disaster preparedness. 

Rahman et al., 

2024 

15 
Hydrological Cycle 

Simulation 

Deep Belief Net-

works 

Simulate the complete hydrological cycle 

for sustainable water management. 

Khan et al., 

2021 

16 
Sediment Transport 

Modeling 
Gradient Descent 

Predict sediment transport in the Indus 

River system for dam maintenance. 
Ali et al., 2021 

17 
Glacial Meltwater 

Prediction 

Multilayer Percep-

tron 

Predict glacial meltwater contribution to 

river flow under climate change scenar-

ios. 

Shahzad et al., 

2023 

18 
Aquifer Storage As-

sessment 
XGBoost 

Evaluate aquifer storage capacity and 

depletion trends. 

Hussain et al., 

2024 

19 
Groundwater Con-

tamination Risk 
Random Forest 

Map contamination risk zones for 

groundwater in urban and rural con-

texts. 

Rahman et al., 

2023 

2.9. Research Gaps and Opportunities 423 

Despite the growing body of research, significant gaps remain in integrating ML into 424 

Pakistan’s water resource management. Many studies focus on isolated challenges rather 425 

than adopting a systems approach that considers the interconnectedness of water systems. 426 

Moreover, the availability of high-quality, time-series data remains a bottleneck for ad- 427 

vancing ML applications. Future research should emphasize the development of robust 428 

data collection frameworks and explore emerging technologies such as the Internet of 429 

Things (IoT) to enhance real-time monitoring. 430 

431 
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3. Methodology 432 

This section outlines the systematic approach adopted to conduct this study on ma- 433 

chine learning (ML) applications in water resource management in Pakistan. The meth- 434 

odology ensures comprehensive coverage of the relevant literature, adhering to a struc- 435 

tured and replicable process. 436 

3.1. Study Design 437 

The research follows a systematic review framework, aimed at synthesizing existing 438 

studies conducted in Pakistan over the last five years. The study design includes three 439 

major stages: 440 

3.1.1. Identification of Relevant Studies 441 

A comprehensive search of academic databases, journals, and conference proceed- 442 

ings was conducted. Keywords such as "machine learning," "water resource manage- 443 

ment," "Pakistan," "streamflow prediction," and "groundwater quality" were utilized to 444 

retrieve relevant articles. Boolean operators (AND, OR) were applied to refine the search 445 

queries. 446 

To guarantee scientific rigor and relevance, studies were examined. 146 entries were 447 

found in the first search. 448 

3.1.2. Inclusion Criteria 449 

To ensure relevance and quality, studies were included based on the following crite- 450 

ria: 451 

• Published within the last five years (2018–2023). 452 

• Focused on ML applications in water resource management in Pakistan. 453 

• Peer-reviewed articles or conference papers. 454 

• Only English-written papers were considered. 455 

3.2. Exclusion Criteria 456 

The following criteria were used to exclude studies from the initial search. 457 

• Research limited only to non-ML strategies 458 

• Research that fails to apply to the country 459 

• Literature that is not peer-reviewed (e.g., blog posts, manuscripts awaiting 460 

review) 461 

• Several identical studies or reports that lack necessary data 462 

After screening the studies, 30 were chosen for the review. The steps for selecting 463 

studies are visualized below in a PRISMA-style diagram (see below). 464 

 465 
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 466 

Figure 8. Flow Diagram of Methodology 467 

3.3. Criteria for Quality Assessment 468 

Consistency and the accuracy of the methodology in the studies were checked using 469 

a quality review checklist. Every study was compared against these factors: 470 

• How beneficial is ML for understanding and solving WRM? 471 

• How big is the set of data, and its transparency? 472 

• Check the model’s accuracy by using suitable validation procedures (like 473 

cross-validation and testing on part of the data). 474 

• Sharing of evaluation metrics names (e.g., R², RMSE, accuracy). 475 

• Whether the researcher can repeat the method in the same way. 476 

• Thinking about the fact that there might be uncertainty or limits. 477 

Studies that scored below average (by missing out on key metrics or sticking to only 478 

descriptive methods) were taken out. 479 

3.4. Framework of Analysis 480 

The studies were divided into sub-domains by using a thematic analysis. 481 

• Groundwater management 482 

• Changes in streamflow and surface water can occur. 483 

• Assessment of water quality 484 

• Drought prediction 485 

• Gathering and reviewing information on climate change impacts 486 

Every topic was analyzed by testing ML models based on the format of their input 487 

data, the algorithms they were built on, their accuracy of predictions, their weaknesses, 488 

and how much they apply in different regions. Articles were considered if they introduced 489 

something new, could be used widely, or used innovative data integration tools (say, re- 490 

mote sensing plus ML). 491 

3.5. Limitations of Methodology 492 
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While the systematic review method provides a structured approach, it is subject to 493 

limitations such as potential publication bias and the availability of peer-reviewed studies. 494 

Additionally, the lack of standardized reporting formats in reviewed articles may affect 495 

the comparability of results. 496 

4. Results 497 

The results of this systematic review provide insights into the application of machine 498 

learning (ML) techniques in various domains of water resource management in Pakistan. 499 

The findings are categorized based on thematic areas, highlighting key achievements, 500 

trends, and gaps identified during the analysis. 501 

4.1. Groundwater Quality and Recharge Monitoring 502 

Several studies have successfully applied ML to address groundwater challenges in 503 

Pakistan. For example: 504 

• A study using Random Forests achieved 92% accuracy in classifying ground- 505 

water quality based on nitrate concentration and salinity levels. 506 

• Neural networks were employed to predict groundwater recharge rates un- 507 

der various climate scenarios, demonstrating their utility in long-term re- 508 

source planning. 509 

• Regional groundwater quality maps generated using ML and geospatial data 510 

provided policymakers with actionable insights into contamination 511 

hotspots. 512 

Key Trend: ML models have proven effective in handling large datasets with diverse 513 

parameters, making them invaluable for sustainable groundwater management. 514 

4.2. Streamflow Prediction 515 

ML has significantly enhanced the accuracy of streamflow prediction in Pakistan’s 516 

rivers. Notable findings include: 517 

• Long Short-Term Memory (LSTM) models demonstrated superior perfor- 518 

mance in predicting seasonal flows in the Indus River, outperforming tradi- 519 

tional models by 15% in accuracy. 520 

• Ensemble methods such as Gradient Boosting Machines improved flood 521 

forecasting capabilities, offering early warning systems for flood-prone re- 522 

gions. 523 

Key Trend: The ability of ML models to capture non-linear relationships between 524 

climatic and hydrological variables has improved water allocation strategies and disaster 525 

preparedness. 526 

4.3. Surface Water Quality Modeling 527 

ML-based models have been instrumental in monitoring and managing surface wa- 528 

ter quality. Findings include: 529 

• Decision Trees were utilized to predict pollutant levels in the Ravi River, 530 

achieving high precision in identifying contamination trends. 531 

• Hybrid ML approaches integrated with satellite imagery mapped pollution 532 

sources, facilitating targeted intervention measures. 533 

Key Trend: Combining remote sensing data with ML techniques has enhanced mon- 534 

itoring capabilities, especially in urbanized and industrial regions. 535 

4.4. Drought Prediction and Management 536 

Drought prediction models incorporating ML have shown promise in mitigating the 537 

impacts of prolonged dry spells. Highlights include: 538 
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• Gradient Boosting Machines predicted drought severity with an 85% accu- 539 

racy rate using meteorological and hydrological data. 540 

• Hybrid models combining physical hydrology principles with ML improved 541 

the accuracy of drought forecasts, aiding resource allocation during critical 542 

periods. 543 

Key Trend: The integration of ML into drought monitoring systems has led to better 544 

preparation and mitigation strategies in water-scarce areas. 545 

4.5. Climate Change Impacts on Hydrology 546 

Studies on climate variability and its impact on Pakistan’s water resources have lev- 547 

eraged ML for scenario analysis. Key outcomes include: 548 

• Deep learning models projected streamflow variations under different cli- 549 

mate scenarios, providing critical inputs for long-term planning. 550 

• Ensemble learning techniques analyzed the variability in reservoir storage, 551 

identifying adaptive measures to manage climate-induced risks. 552 

Key Trend: ML has been pivotal in developing adaptive strategies to counter the 553 

adverse effects of climate change on water availability. 554 

4.6. Comparative analysis of ML Techniques 555 

The following table lists model types and performance across application domains 556 

for a more understandable cross-study synthesis: 557 

Table 2. Summary of Comparison Between Different ML Models 558 

Domain ML Model Performance Accuracy Top Performing Model 

Groundwater Quality Random Forest Accuracy = 92% Random Forest 

Groundwater Recharge Neural Networks 
Scenario-based Perfor-

mance 
Neural Networks 

Streamflow Prediction LSTM 15% higher accuracy LSTM 

Flood Forecasting 
Gradient Boosting Ma-

chines 
Significant lead-time GBM 

Surface Water Quality 
Decision Trees, Hybrid 

ML 
High Precision 

Hybrid ML + Remote 

Sensing 

Drought Prediction Gradient Boosting Accuracy = 85% GBM 

Climate Scenario Model-

ing 

Deep Learning, Ensem-

ble 

Improved Scenario Real-

ism 

Deep Learning + Ensem-

ble 

The bar chart below visually shows the performance of different ML models in water 559 

resource management in Pakistan: 560 

• Random Forest was able to identify groundwater quality with a high accu- 561 

racy rate of 92%. 562 

• Using LSTM made streamflow prediction 15% more accurate. 563 

• Samples were predicted to be in drought about 85% of the time. 564 

• Deep Learning is meant for scenario modeling, so scores are not given as 565 

numbers. 566 
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 567 

Figure 9. Performance of ML Models in Different Domains of Water Resources 568 

4.7. Summary of Findings 569 

The systematic review reveals that ML applications in Pakistan’s water resource 570 

management are diverse and growing. However, certain areas, such as real-time monitor- 571 

ing and integrated water management systems, remain underexplored. The lack of stand- 572 

ardized datasets and limited computational infrastructure also pose challenges to the 573 

broader adoption of ML in this field. 574 

4.8. Impacts for Pakistan's Water Resource Issues 575 

The results influence the way people in Pakistan should tackle their water concerns. 576 

• ML can improve the management of groundwater pollution in Punjab and 577 

Sindh by identifying concerned areas using hotspot mapping. 578 

• When ML is used for streamflow forecasting, irrigation plans in the Indus 579 

region can be improved, helping agriculture deal with any challenges. 580 

• Balochistan and arid zones rely on drought prediction models because water 581 

scarcity there is very serious. 582 

• Climate modeling helps with future planning in regions where glacier melt- 583 

ing brings varying water levels. 584 

• National water governance can be improved with early warning systems and 585 

data when used on a wide scale. 586 

ML can greatly improve things, but has to be tailored to Pakistan’s unique circum- 587 

stances regarding economy, climate and infrastructure. 588 

5. Discussion 589 

The findings of this systematic review reveal the growing adoption of machine learn- 590 

ing (ML) techniques in water resource management in Pakistan, showcasing their effec- 591 

tiveness in addressing critical challenges. This section discusses the implications of these 592 

findings, identifies areas for improvement, and outlines the broader significance of ML 593 

applications in the context of Pakistan's water systems. 594 

5.1. Groundwater Management 595 
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The use of ML models for groundwater quality and recharge monitoring demon- 596 

strates their potential in managing Pakistan's increasingly stressed aquifers. Models such 597 

as Random Forests and Artificial Neural Networks have enabled accurate predictions of 598 

water quality and recharge rates, aiding sustainable resource planning. However, the lim- 599 

ited availability of high-resolution groundwater data poses challenges to the scalability of 600 

these models. Policymakers need to invest in nationwide data collection and sharing 601 

frameworks to maximize the benefits of ML applications in this domain. 602 

5.2. Hydrological Forecasting 603 

Streamflow prediction using ML techniques such as LSTM and Gradient Boosting 604 

Machines has shown significant improvements over traditional hydrological models. 605 

These advancements have enhanced flood risk management and water allocation strate- 606 

gies. However, most studies focus on specific river basins or short-term predictions. Ex- 607 

panding the scope to include regional and long-term forecasts could further strengthen 608 

Pakistan’s disaster preparedness and water governance. 609 

5.3. Surface and Drinking Water Quality 610 

ML techniques combined with satellite imagery have enhanced the monitoring of 611 

surface water quality, enabling targeted interventions for pollution control. Despite these 612 

advancements, the integration of ML into real-time water quality monitoring systems re- 613 

mains underexplored. Such systems could provide actionable insights for managing in- 614 

dustrial discharges and agricultural runoff, ensuring compliance with water quality 615 

standards. 616 

5.4. Drought Resilience 617 

The application of ML in drought prediction has proven valuable in mitigating the 618 

impacts of water scarcity. Hybrid models combining physical hydrological principles 619 

with ML have improved forecast accuracy, providing a foundation for proactive water 620 

management strategies. Nonetheless, the lack of region-specific drought data remains a 621 

bottleneck. Establishing dedicated drought monitoring networks and improving data 622 

granularity are critical steps toward building resilience. 623 

5.5. Climate Adaptation Strategies 624 

The use of deep learning and ensemble models to assess the impacts of climate 625 

change on water resources highlights the versatility of ML in scenario planning. These 626 

models provide critical insights into future water availability, helping policymakers pri- 627 

oritize adaptation measures. However, most studies lack a multi-sectoral approach that 628 

considers the interconnected impacts of climate variability on agriculture, energy, and 629 

water resources. Addressing this gap is essential for developing comprehensive adapta- 630 

tion strategies. 631 

5.6. Challenges and Opportunities 632 

While ML has demonstrated significant potential, several challenges must be ad- 633 

dressed to ensure its effective implementation in Pakistan’s water resource management: 634 

Data Limitations: The availability and quality of datasets remain a major constraint, 635 

underscoring the need for improved data collection and standardization. 636 

Capacity Building: Limited expertise in ML among water resource professionals ne- 637 

cessitates capacity-building initiatives, including training programs and collabora- 638 

tive research. 639 

Infrastructure Needs: The adoption of ML requires investments in computational 640 

infrastructure, particularly in regions where resources are scarce. 641 
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Opportunities abound for integrating emerging technologies such as the Internet of 642 

Things (IoT) and remote sensing with ML to create dynamic, real-time water management 643 

systems. These systems could revolutionize water governance by providing data-driven 644 

insights and enhancing decision-making processes. 645 

6. Recommendations 646 

Based on the findings and discussions presented, this section outlines key recommen- 647 

dations for advancing the application of machine learning (ML) in water resource man- 648 

agement in Pakistan. These recommendations aim to address the identified challenges 649 

and harness the potential of ML for sustainable water governance. 650 

6.1. Enhance Data Collection and Standardization 651 

Reliable data is the backbone of effective ML applications. It is essential to: 652 

• Develop a centralized national water data repository to aggregate and stand- 653 

ardize datasets from various sources. 654 

• Implement modern data collection methods, such as remote sensing, IoT-en- 655 

abled sensors, and automated monitoring systems, to ensure real-time and 656 

high-resolution data availability. 657 

• Promote data-sharing frameworks between governmental agencies, aca- 658 

demic institutions, and private stakeholders. 659 

6.2. Strengthen Computational Infrastructure 660 

To support ML adoption, there is a need to: 661 

• Invest in high-performance computing facilities and cloud-based platforms 662 

accessible to researchers and practitioners. 663 

• Establish regional data centers equipped with advanced computational re- 664 

sources to process and analyze large datasets efficiently. 665 

6.3. Capacity Building and Skill Development 666 

The successful integration of ML in water management depends on the expertise of 667 

professionals. Recommended actions include: 668 

• Conducting workshops, training sessions, and certification programs fo- 669 

cused on ML techniques and their applications in hydrology and environ- 670 

mental sciences. 671 

• Encouraging interdisciplinary collaboration between data scientists, hydrol- 672 

ogists, and policymakers to bridge the knowledge gap. 673 

• Including ML-focused modules in higher education curricula for water re- 674 

source management and engineering. 675 

6.4. Promote Interdisciplinary Research and Collaboration 676 

The complexity of water resource challenges requires collaborative approaches. It is 677 

crucial to: 678 

• Facilitate partnerships between academia, government agencies, and indus- 679 

try to explore innovative ML solutions tailored to Pakistan's unique context. 680 

• Establish national and regional research initiatives that focus on integrated 681 

water management, combining ML with traditional approaches. 682 

6.5. Focus on Real-Time Monitoring and Early Warning Systems 683 

To enhance water resource resilience: 684 
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• Deploy ML-powered real-time monitoring systems for groundwater quality, 685 

surface water pollution, and hydrological extremes such as floods and 686 

droughts. 687 

• Integrate ML into early warning systems to improve response time and mit- 688 

igate the impacts of water-related disasters. 689 

6.6. Prioritize Policy Support and Funding 690 

A supportive policy environment is essential for scaling ML applications. Actions 691 

include: 692 

• Developing policies that incentivize the use of ML in water resource man- 693 

agement. 694 

• Allocating dedicated funding for research and development in this field. 695 

• Promoting public-private partnerships to mobilize resources and expertise. 696 

6.7. Leverage Emerging Technologies 697 

Combining ML with emerging technologies can further enhance its impact: 698 

• Explore the integration of IoT devices, geospatial analysis, and blockchain 699 

for transparent and efficient water governance. 700 

• Utilize drones and satellite-based monitoring systems to complement ML 701 

applications in mapping and managing water resources. 702 

6.8. Foster Public Awareness and Engagement 703 

Raising awareness about the role of ML in water management can accelerate its adop- 704 

tion: 705 

• Conduct public outreach campaigns to highlight the benefits of data-driven 706 

approaches. 707 

• Engage local communities in data collection and monitoring efforts, ensuring 708 

inclusivity and sustainability. 709 
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