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• Integrated GIS-ML framework for 
groundwater quality and level 
assessment.

• XGBoost and LSTM models excel in 
spatial estimation and temporal 
forecasting.

• 10-year analysis tracks declining water 
levels and changing water quality.

• Supports scalable, low-cost decision 
support for semi-arid groundwater 
management.
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A B S T R A C T

Groundwater resources worldwide are increasingly under pressure due to over-extraction and inadequate 
management, highlighting the urgent need for real-time monitoring and accurate forecasting to ensure sus
tainable usage. Although numerous studies have addressed groundwater issues, there remains a lack of clarity 
regarding the spatial and temporal dynamics of groundwater levels and their relationship with key water quality 
indicators. This study aims to fill that gap by investigating the spatial and temporal variations in Groundwater 
Level (GWL) along with key water quality indicators such as pH, Electrical Conductivity (EC), Total Dissolved 
Solids (TDS), Calcium (Ca), Magnesium (Mg), Total Hardness (TH), Bicarbonates (HCO3

− ), and Chlorides (Cl− ). 
Observed data were obtained from Water and Sanitation Agency (WASA) Faisalabad observation wells, covering 
the period from 2013 to 2023, along with 102 uniformly distributed sample points and corresponding weather 
data from the TerraClimate dataset. To assess spatiotemporal variation and forecast, several machine learning 
(ML) and deep learning (DL) models were evaluated for their accuracy and reliability for groundwater trend 
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projections. The eXtreme Gradient Boosting (XGBoost) model exhibited superior performance in spatial analysis, 
achieving the highest coefficient of determination (R2) of 0.90 and a Nash–Sutcliffe Efficiency (NSE) of 0.88, 
while the Long Short-Term Memory (LSTM) model excelled in temporal forecasting with an R2 = 0.91, NSE =
0.90, both accompanied by the lowest Root Mean Square Error (RMSE), and Mean Absolute Error (MAE) values 
among the evaluated models. The study revealed significant seasonal variations, particularly post-monsoon in
creases in chemical concentrations, likely from anthropogenic and agricultural sources. These findings highlight 
the robustness and precision of ML & DL techniques, especially XGBoost and LSTM, in capturing complex 
groundwater dynamics.

1. Introduction

Groundwater is an essential resource; however anthropogenic ac
tivities and weather extreme events are deteriorating and threatening its 
availability (Scanlon et al., 2023). Currently, 5 billion individuals from 
the global population of 8 billion are experiencing water stress (Abdalla 
and Moubark, 2018; Arnell, 1999). In several regions globally, fresh
water resources are inadequate to meet domestic, economic, and 
ecological requirements (Cosgrove and Loucks, 2015). Groundwater 
ecosystems provide services that are extremely valuable to society, the 
economy, and food production, including water purification and 
high-quality storage from decades to millennia (Gleeson et al., 2016; 
Griebler and Avramov, 2015; Kılıç, 2020; Saccò et al., 2024). Overuse of 
groundwater is a global issue with serious implications, and there are 
currently few effective solutions (Molle et al., 2018).

In many areas, groundwater is frequently improperly handled, which 
has also contributed to major agricultural development in the last 50 
years, while being essential for 40% of worldwide agriculture and 
providing drinking water to 2 billion people (Giordano, 2009; Gleeson 
et al., 2020; Hao et al., 2019). Unsustainable groundwater pumping 
already outpaces river and precipitation recharge, which causes signif
icant declines in groundwater levels and groundwater storage losses, 
particularly in heavily irrigated areas (Dalin et al., 2017; de Graaf et al., 
2019). Groundwater quality investigation has become a prominent topic 
globally since the industrial revolution and groundwater quality con
cerns are becoming just as significant as groundwater quantity issues 
(Burri et al., 2019; Li, 2016). Climate change also contributes to the 
water shortage, making it more severe in areas where temperature and 
precipitation pattern disturbed (Singha and Navarre-Sitchler, 2022; 
Vaux, 2011). Climate change, along with intensified groundwater 
extraction driven by widespread pumping wells and groundwater 
development for industrial, municipal, and agricultural purposes, has 
contributed to rising groundwater withdrawals over the last five decades 
(Halder et al., 2020; Konikow and Kendy, 2005; Lashkaripour and 
Ghafoori, 2011; Rodell et al., 2018). Despite the necessity for manage
ment to address significant overexploitation and groundwater quality 
concerns, the extensive utilization of groundwater has facilitated a 
substantial rise in agricultural output and met the water demands of 
metropolitan regions (Babiker et al., 2007; Van Steenbergen and Olie
mans, 2002). Chemicals, pesticides, and fertilizers used in agriculture 
pose a risk of contaminating groundwater (Motlagh et al., 2020).

Remote sensing and Geographic Information Systems (GIS) have 
become revolutionary technologies that are changing how we monitor, 
evaluate, and manage groundwater resources for long-term sustain
ability (Kumar et al., 2015; Lin et al., 2019; Shaikh and Birajdar, 2024; 
Shakoor et al., 2015; Zeilhofer et al., 2007). GIS-based groundwater 
mapping, supported by groundwater quality and level datasets and 
spatial analysis techniques such as Inverse Distance Weighted (IDW) 
interpolation, has been widely applied to characterize spatial variability 
in aquifer systems (Khouni et al., 2021; Ohlert et al., 2023; Zarco-Perello 
and Simões, 2017). Hydrochemical indicators are increasingly incor
porated into groundwater quality assessments to support irrigation and 
drinking water suitability, reflecting advances in spatial analysis 
frameworks (Shaw and Sharma, 2024; Yan et al., 2024). Forecasting 
trends are essential for the growing population, and Artificial 

Intelligence (AI) provides an adaptable framework for identifying 
complex patterns in water resources data (Ahmed et al., 2019). Evalu
ating and predicting groundwater quality is essential for the proper 
management of water bodies, enabling timely interventions to keep 
contamination levels within acceptable limits (Huang et al., 2024; Jain 
et al., 2021; Li et al., 2014). As groundwater filtration and storage are 
very costly, pollution prevention, monitoring, and artificial 
models-based forecasting are the most dependable way to safeguard 
groundwater supplies (El Bilali et al., 2021; Hadžić et al., 2015; Masood 
et al., 2022). The application of AI increases the precision of prediction 
models even further, providing useful instruments for predicting varia
tions in groundwater levels, as well as water quality (Shaikh and Bir
ajdar, 2023). For arid and semi-arid regions to retain freshwater 
supplies, which is crucial for sustainable development, groundwater 
quality identification and management are crucial (Asadi et al., 2019). 
Recent studies have applied tree-based ensembles, boosting, and neural 
networks for effective water resources quality and quantity forecasting 
(Mosavi et al., 2021; Singha et al., 2021; Tao et al., 2022).

Globally, Pakistan is an important agricultural country in Asia and 
ranks as the 3rd largest user of groundwater, with just 27% of its land 
requiring irrigation from surface water supplies; whereas the remaining 
73% is irrigated either directly or indirectly by groundwater, with 90% 
of abstraction occurring in the Punjab region (Qureshi, 2018, 2020; 
Qureshi et al., 2010). Agricultural development in Pakistan heavily 
depends on irrigation, necessitating substantial water from already 
stressed aquifers due to the low rainfall and fluctuating surface water 
sources (Awais et al., 2017; Kirby et al., 2017; Qureshi, 2015). Beyond 
agriculture, groundwater is an important resource for cities and resi
dential areas, used for drinking, cleaning, and industrial applications 
(Abbas et al., 2023; Khaliq et al., 2021; Quddoos et al., 2024). Due to the 
inadequate supply of water in Pakistan's major rivers such as the Che
nab, Ravi, and Sutlej, the majority of farmers use groundwater for irri
gation, placing substantial pressure on groundwater resources (Ahmad 
et al., 2022; Ahmad et al., 2016; ul Hasan and Fatima, 2025). Essentially, 
a steady and suitable supply of irrigation water from the Chenab is 
necessary for economic security, which is declining due to urbanization 
and pollution (Ali et al., 2025; Kausar et al., 2019). Safe drinking water 
remains limited in access in many areas, and contaminated water harms 
infrastructure and creates health hazards (Sultana et al., 2018).

Although GIS mapping, IDW interpolation, and data-driven models 
have been used in groundwater studies, existing applications typically 
treat these components separately (e.g., mapping only, or time-series 
forecasting only), evaluate a small subset of variables, and rarely 
examine whether model suitability changes across task type (spatial 
estimation vs. temporal forecasting) and hydrological season (pre-vs. 
post-monsoon). In this study, we integrated, a season-aware, and task- 
specific workflow that (i) jointly analyzes groundwater level and mul
tiple hydrochemical indicators, (ii) predicts values at unmonitored lo
cations using hydrologically meaningful covariates (nearest-well value, 
distance-to-well, rainfall, and zoning/buffer features) rather than 
proximity-based interpolation alone, (iii) validates mapped outputs 
using independent field sample points, and (iv) benchmarks ML and DL 
models under the same splits and metrics to identify which approaches 
are most reliable for spatial assessment versus temporal forecasting. This 
study provides clearer decision support for sustainable monitoring and 
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management in data-limited settings than studies that apply a single 
method in isolation.

2. Materials and methods

2.1. Study area

Chiniot, Pakistan's agricultural hub, benefits from the Chenab River, 
boosting food security and economic stability. Groundwater irrigation 
protects indigenous habitats and provides drinking water to the 1.36 
million population, highlighting the importance of water needs for this 
area (Ahmad et al., 2020). Japan International Cooperation Agency 
(JICA) and Inline Field Area (IFA) project wells data were evaluated 
from 2013 to 2023 to assess groundwater resources across an area of 
743.5 square kilometers, utilizing 25 JICA and 29 IFA wells stations. The 
JICA wells were strategically distributed across the central-southern 
zones of the district, located between longitudes 73.070141◦E to 
72.948615◦E and latitudes 31.623242◦N to 31.550918◦N. In contrast, 
the IFA wells were in the northeastern part of the district, ranging from 
72.954420◦E to 72.976381◦E longitude and 31.603797◦N to 
31.605238◦N latitude. A total of 102 groundwater sample points were 
examined during the pre- and post-monsoon seasons of 2021–2023 (two 
years of data for training and one year of data for validation) to assess 
spatial and seasonal fluctuations in groundwater (Fig. 1). The sampling 
points were selected to ensure uniform spatial coverage across the study 
area and across the predefined grid zones (Wadoux et al., 2021), 
including both near-river and far-from-river locations. Some residual 
sampling bias may remain due to field access constraints and land-use 
heterogeneity; this limitation is mitigated through spatially structured 
validation. From May to September, arid summers with temperatures 
over 45 ◦C transition into monsoon rains that boost agriculture, followed 
by mild autumn, and cold, dry winters, making the region agriculturally 
significant and economically contributive.

2.2. Groundwater data acquisition

Groundwater quality and GWL data were collected from WASA, 
Faisalabad, Pakistan covering 2013-2023. This included groundwater 
monitoring records from 29 Inline Field Area (IFA) wells and 25 Japan 
International Cooperation Agency (JICA) well stations. Additional 

sampling points across Chiniot were used to enhance spatial coverage 
for groundwater level and quality assessment, as well as for forecasting 
purposes. To evaluate the impact of climatic factors on groundwater 
dynamics, historical monsoon-season rainfall data were sourced from 
the TerraClimate dataset (Abatzoglou et al., 2018), which provides 
high-resolution gridded climate data suitable for hydrological modeling. 
The study integrated both hydrochemical and hydrological parameters, 
which are listed (Table 1), along with their respective data sources.

2.3. Data preprocessing and quality assurance

All groundwater parameters were compiled and standardized to 
consistent units. Duplicate records for the same well and sampling date 
were removed; where replicate measurements were available, the mean 
value was retained. Seasonal labels were assigned to each observation 
based on the sampling month to create consistent pre-monsoon and post- 
monsoon groups. Basic screening was performed to remove physically 
impossible values. Missing values were quantified by parameter, year, 
and season before modeling (Abi et al., 2024). Records with missing 
dependent variables were excluded from the corresponding model. 
Missing predictor values were imputed using a training-only procedure 
to avoid leakage: the imputation method was fitted on the training set 

Fig. 1. Geographic distribution of the study area (a) Pakistan boundary and Punjab Province administration boundary (b) distribution of IFA, JICA Wells and sample 
points in buffer zones.

Table 1 
Sources and parameters of groundwater and climatic data used in the study.

Data Type Parameters Sources

Groundwater 
data 
Climatic Data

pH 
Electrical 
Conductivity (EC) 
Total Dissolved 
Solids (TDS) 
Calcium (Ca) 
Magnesium (Mg) 
Total Hardness (TH) 
Bicarbonates 
(HCO3

− ) 
Chlorides (Cl− ) 
Groundwater Level 
(GWL) 
Rainfall (pre-post 
monsoon)

Water and Sanitation Agency (WASA), 
Faisalabad 
Terra Climate Dataset https://www.cli 
matologylab.org/terraclimate.html
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and then applied to validation data (Kratzert et al., 2018). For temporal 
modeling, short gaps in well time series were filled using linear inter
polation; whereas longer gaps were not included when forming training 
sequences, consistent with groundwater time-series preprocessing 
practice (Evans et al., 2020).

2.4. Methodology

Groundwater observation data were collected from wells and con
structed buffer zones around each well location. Time series data were 
available for these wells, but our interest was to estimate groundwater 
parameters at unmonitored spatial locations using existing well data. 
For this purpose, sample data were collected within each buffer zone and 
developed predictive models. These models used inputs including: (1) 
the nearest well's observed value, (2) the distance from the target point 
to that nearest well, and (3) rainfall data, as independent variables (IVs). 
To prevent information leakage during validation, the “nearest well 
value” feature for any target point was computed using training wells 
only, excluding any observation belonging to the validation split. The 
same rule was applied when generating grid predictions used for map
ping. The dependent variable (DV) was the actual observed value at the 
target point. Several ML models were evaluated across all water quality 
and level parameters. Once the models were trained, we generated a 3 ×
3 km spatial grid over the study area. For each grid point, its distance 
was calculated from the nearest observation, and the model was used to 
predict its parameter value. These predicted values were then spatially 
interpolated using the Inverse Distance Weighted (IDW) method. For 
model validation, sample points collected were used in the final year and 
compared observed values against predicted ones. Similarly, for fore
casting, various models were trained and tested on the time series data 
from wells to project future groundwater quality and level trends. Fig. 2
presents the workflow chart and study approach.

2.4.1. ML models applied
With the expansion of hydro-environmental datasets, ML/DL 

approaches are increasingly used for spatial estimation and time-series 
forecasting of water variables (Zhu et al., 2022). Different models 
were selected using two-step rationale. Firstly, representative algorithm 
families were benchmarked from different groundwater spatial and 
temporal studies. Tree-based ensembles and gradient-boosting methods 
e.g., RF/ExtraTrees/XGBoost were consistently strong for 
hydro-environmental predictors used in spatial estimation and potential 
mapping, because they capture non-linear interactions, handle multi
collinearity, and are robust with limited-to-moderate sample sizes 
(Pourmorad et al., 2024). Based on this evidence, different models were 
included (i) representative linear baselines (Ridge/Lasso) to provide 
interpretable reference performance and control collinearity (Arashi 
et al., 2021; Lee et al., 2022), (ii) widely used non-linear ML baselines 
(KNN/SVM) as common benchmarks in groundwater prediction for fast 
processing of geographical datasets (Afrifa et al., 2022; Arabgol et al., 
2016; Suthaharan and Suthaharan, 2016; Zendehboudi et al., 2018), (iii) 
ensemble learners (RF, Extra Trees, AdaBoost, and XGBoost) effectively 
model complex predictor interactions in spatial/tabular datasets: 
RF/Extra Trees improve generalization via feature randomization, while 
boosting approaches reduce overfitting through sequential learning and 
regularization (Acosta et al., 2020; Chen et al., 2015; Kasahun et al., 
2025; Sun et al., 2024), and (iv) DL time-series models 
(ANN/CNN/LSTM) for swiftly evaluating and anticipating hydro pa
rameters temporally (Chebud et al., 2012; Gupta et al., 2019; Kouadri 
et al., 2022; Palani et al., 2008; Patra and Chu, 2023; Ubah et al., 2021). 
Sequence models especially LSTM-family networks were well-suited for 
groundwater level and quality forecasting because they learn lagged and 
long-memory dependencies that are common in hydroclimatic time se
ries (Gilbert et al., 2025). Given their capacity to model sequential and 
temporal data, Long Short-Term Memory (LSTM) and Convolutional 
Neural Network (CNN) were selected since their proven efficacy in 
forecasting time series variations in water parameters (Baek et al., 2020; 
Hu et al., 2019; Liu et al., 2019). Second, to avoid subjective selection, 
all selected models were systematically benchmarked on the same train 
and test splits using R2, RMSE, NSE and MAE, and the best-performing 

Fig. 2. Methodology workflow for spatiotemporal forecasting of groundwater quality and levels using ML & DL.
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model for each parameter and season and for forecasting was included. 
Table 2 summarizes the suitability model for each data type and ratio
nale for selection.

Based on groundwater hydrochemical and level data recorded from 
wells sampled point wells (denoted as P) and WASA-operated wells 
(denoted as W); a series of box plots was prepared to assess differences in 
groundwater parameters. Two separate seasonal periods, pre-monsoon 
and post-monsoon, parametric changes were examined. Every value 
was analyzed for important water quality markers including pH, EC, 
TDS, Ca, Mg, TH, HCO3

− , and Cl− . Four comparable categories, P Pre- 
Monsoon, P Post-Monsoon, W Pre-Monsoon, and W Post-Monsoon, 
were formed out of the data. Box plots were created for every param
eter across the four categories, central tendency, variability, and 
possible outliers.

2.4.2. Evaluation of models
The dataset was split into two different parts; 80 % of the data were 

used for model training and 20% for model testing (Vabalas et al., 2019). 
The comparison was made between models to assess each model in 
terms of accuracy and different parameters evaluation under different 
scenarios. Groundwater spatial maps were validated against actual maps 
prepared from historical data of 102 sample points. A similar division 
was used for temporal graphs of average yearly changes in water quality 
and levels of 54 wells with 10 years of historical data.

Assessing models’ accuracy is important and error metrics offer 
crucial standards for model calibration, verification, and validation for 
machine learning models (Hodson et al., 2021; Li, 2017). An error set of 
metrics, including the coefficient of determination (R2), root mean 
square error (RMSE), mean absolute error (MAE) and Nash–Sutcliffe 
efficiency (NSE) was used to evaluate the models. R2, RMSE, MAE, and 
NSE were computed from Equations (1)–(4), respectively (Chicco et al., 
2021). In the following formulas, Xi is the predicted value ith value, and 
Yi is the actual value ith value, m total observations, and Y average of 
actual value. 

R2 =1 −

∑m

i=1
(Xi − Yi)

2

∑m

i=1
(Y − Yi)

2
(1) 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
m
(Xi − Yi)

2
√

(2) 

MAE=
1
m

∑m

i=1
|Xi − Yi

⃒
⃒
⃒
⃒
⃒

(3) 

NSE= 1 −

∑m

i=1
(Yi − Xi)

2

∑m

i=1
(Yi − Y)2

(4) 

2.4.3. Spatial cross-validation and overfitting mitigation
In spatial datasets, random train–test partitioning fails to account for 

spatial autocorrelation, leading to biased and typically overestimated 
model generalization performance. So, spatially structured cross- 
validation was used on the training period data to obtain a more real
istic estimate of model generalization and robustness and to tune the 
hyperparameters (Ploton et al., 2020; Tziachris et al., 2023). In each 
fold, all the samples were held out related to a certain buffer zone and 
used models trained on the remaining groups. This strategy reduces 
inflation of predictive skill that occurs when training and testing sam
ples are spatially proximate (Roberts et al., 2017). To prevent feature 
leakage, proximity-based predictors (e.g., nearest well value and 
distance-to-well) were computed using training wells only within each 
fold and during grid prediction. Final model analysis used a temporally 
independent holdout year that was not used for tuning. Overfitting was 
further controlled using regularization and model-complexity con
straints (e.g., tree depth/min samples) and early stopping where appli
cable (Meyer and Pebesma, 2022).

2.4.4. Spatial Mapping
Groundwater data of collectively randomly distributed points of 

2022-2023 were used for the comparative analysis of machine learning 
models (Fig. 3). Historical data of all groundwater parameters were 
collected and arranged properly. For 2022 and 2023, groundwater data 
of pre- and post-monsoon were used for models training. After getting 
the best model results, the model was validated with 2024 data. Based 
on those values, spatial maps were prepared for pre-monsoon and post- 
monsoon season using Geographical Information System software by 
ESRI (ArcGIS 10.8). GIS assists in identifying pollution sources and 
resolving associated issues by identifying specific regions with signifi
cant alterations in water quality and supply (Chabuk et al., 2020; Shaikh 
and Birajdar, 2024). Buffer zones were created according to specific 
distances from JICA and IFA wells to check groundwater changes over 
specific distances. Grid zones were prepared in the study area. All points 
were interpolated by using ArcGIS by considering conditioning vari
ables. Inverse Distance Weighted (IDW) interpolation was used to 
generate continuous seasonal groundwater surfaces because it is a 
transparent deterministic method that assumes nearby observations are 
more similar than distant ones, assigning higher weights to closer points; 
an assumption commonly adopted for environmental mapping in GIS 
workflows (Childs, 2004; Li, 2021; Pro, 2021; Singh and Verma, 2019; 
Yasin et al., 2024). In this framework, spatial values are first estimated 
at unmonitored grid locations using machine-learning predictors; IDW is 
then applied as a consistent raster surface-generation step for seasonal 
visualization and hotspot screening. Kriging requires defining and fitting 
a valid variogram model under stationarity/intrinsic assumptions, and 
mapping results can be sensitive to variogram uncertainty and data 
support (Oliver and Webster, 2014; Webster and Oliver, 1993). Seasonal 
splitting (pre-/post-monsoon) can further reduce effective sample sup
port for stable variogram estimation, so IDW was used to maintain 
consistency across parameters while emphasizing independent valida
tion of mapped outputs. The first phase involved using machine learning 
models to predict parameter values at grid locations throughout the 
study region. Then, IDW was used on these grid values to make 
continuous raster surfaces that could be used in GIS. Spatial validation 
was conducted by extracting raster-estimated values from withheld 
validation sampling locations and comparing them to observed data 
using R2, RMSE, NSE, and MAE. The IDW technique created spatial maps 
of all groundwater parameters before and after the monsoon season for 
all extracted values.

Table 2 
ML & DL models, data types, and benchmarking rationale.

Model Data Type Benchmarking Rationale

Ridge/ 
Lasso

Spatial/tabular Interpretable linear baseline; collinearity 
control

KNN/SVM Spatial/tabular Common benchmarks in groundwater 
prediction, fast processing of geographical 
datasets

DT Spatial/tabular Interpretable non-linear baseline
RF/Extra 

Trees
Spatial/tabular (mixed 
hydro-env predictors)

Robust on tabular hydro-env predictors, 
capacity against lower variance and 
manage geographical data

AdaBoost Spatial/tabular Boosting benchmark vs ensembles
XGBoost Spatial/tabular Strong non-linear tabular learning
ANN Spatial/tabular; 

temporal via lag 
features

Standard DL baseline for water variables

CNN Temporal/spatial grids Learning local temporal patterns
LSTM Time sequences Sequence model for time-series; captures 

long-term dependencies; common 
benchmark for groundwater forecasting
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2.4.5. Temporal mapping
Groundwater samples were obtained from several well locations over 

two separate time intervals: (pre-monsoon and post-monsoon) to eval
uate seasonal fluctuations in water quality. Machine learning models 
were used for training (80%) and testing (20%) of the data for temporal 
analysis of groundwater patterns. The average value was used to study 
seasonal variations. Based on analysis of historical data using machine 
learning, the best model was used for forecasting groundwater level 
fluctuations and its chemical parameters. After training and testing the 
data, the temporal graphs were prepared to monitor seasonal fluctua
tions of groundwater parameters. Data was statistically analyzed and 
shown using box plots to assess trends, variability, and possible changes 
in groundwater quality over time. Forecasts were extended to 2028 to 
support near-term groundwater management planning and early- 
warning decisions, providing actionable lead time while remaining 
within a conservative horizon relative to the 10-year historical record 
(2013–2023). Because future pumping policies, land-use change, and 
industrial/agricultural inputs were not explicitly modelled, the 
2024–2028 projections were interpreted as baseline continuation of 
recent system behavior by generating an uncertainty envelope (low
er–upper bounds) rather than deterministic long-range predictions 
under changing boundary conditions (Abbas et al., 2024; Ejaz et al., 

2023). Where rainfall was used as a predictor, future rainfall inputs for 
2024–2028 were treated using a baseline assumption based on mean 
seasonal rainfall and were additionally offset in sensitivity tests to 
represent realistic dry and wet conditions (Boo et al., 2024; Chu et al., 
2022; Nourani et al., 2022).

3. Results

3.1. Comparative analysis of model's evaluation for spatial distribution

The model's accuracy ranges from 0 to 1 for R2. Similarly, the root 
mean square error and mean absolute error should be close to zero. So, 
after acquiring results from different machine learning models, XGBoost 
and RF (Table 3) models showed best accuracy. These results were ob
tained by comparing ten different models to check their accuracy and to 
handle large data. In case of EC and Cl− ., gradient boosting model has 
shown best results. The maximum R2 = 0.90, NSE = 0.88 for XGBoost 
model in case of EC for pre-monsoon season. In case of post-monsoon 
season, XGBoost has also shown accuracy with R2 = 0.90, and NSE =
0.87, MAE = 2.26 (mg/L), and RMSE = 3.42 (mg/L) in case of chloride. 
The same trend follows in case of groundwater level where in pre- 
monsoon season, the RF model has shown maximum accuracy when 

Fig. 3. Seasonal variation in groundwater quality parameters (pre- and post-monsoon) across different locations W indicating for WASA wells and P for the sam
ple points.
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compared with other models. As most of these values are above 0.75 in 
case of R2 showing model results as good fit. Due to several variables like 
river distance, rainfall shifting patterns and groundwater pre- and post- 
monsoon trends, these values can vary.

In the comparison of ML models applied to groundwater data during 
pre- and post-monsoon seasons, XGBoost consistently achieved high 
accuracy for many critical metrics, including EC, TDS, Cl− , and GWL, 
especially during the pre-monsoon season. The model attained R2 values 
of 0.86–0.90, with NSE >0.8, accompanied by comparatively low RMSE, 
and MAE scores, signifying robust reliability and generalization capac
ity. XGBoost outperforms other models in forecasting groundwater 
fluctuations due to its superior handling of non-linear relationships, 
outliers, and variable importance across diverse environmental 
conditions.

3.2. Groundwater validation

3.2.1. Pre-monsoon validation
Model evaluation of groundwater parameters for the pre-monsoon 

season is shown (Fig. 4), comparing predicted values against actual 
field measurements. Each of the nine plots corresponds to a different 
parameter, including pH, EC, TDS, Ca, Mg, TH, HCO3

− , Cl− , and GWL 
were prepared to examine predicted and actual value trends. The pH 
model (Fig. 4a) produced a R2 of 0.72, signifying a robust connection 
between predicted and actual values; however, the regression slope 
(0.78) indicated a propensity to slightly underpredict at elevated pH 
levels. The forecast of Electrical Conductivity (EC) (Fig. 4b) exhibited 
the best precision among all parameters, with a R2 of 0.87 and a 

regression slope of 0.90, closely conforming to the 1:1 reference line. 
TDS (Fig. 4c) had a strong correlation with a R2 of 0.76, although it 
displayed little underestimate at elevated concentrations. The model 
exhibited good performance for Ca and Mg, with R2 values of 0.69 and 
0.70, respectively (Fig. 4d & e), with regression lines indicating a slight 
tendency towards underprediction TH (Fig. 4f) had the least favorable 
model fit, with a R2 of 0.61, suggesting more variability in its behavior 
during the pre-monsoon period, which may be influenced by changing 
subsurface conditions or seasonal recharge patterns. The model for 
HCO3

− (Fig. 4g) yielded a R2 of 0.63, with data points moderately aligned 
along the best-fit line, indicating a persistent underestimation. 
Conversely, Cl− (Fig. 4h) was forecasted with considerable precision (R2 

= 0.85) and negligible divergence from the ideal line (slope = 0.88), 
affirming robust predictive reliability. The model demonstrated strong 
performance in forecasting GWL (Fig. 4i), with a R2 of 0.76; however, 
the slope of 0.72 suggested a minor inclination to underestimate deeper 
water levels.

3.2.2. Post-monsoon validation
For post-monsoon season different models showed different results 

for individual parameters. The performance was evaluated for the post- 
monsoon season (Fig. 5) by scatter plots comparing predicted and 
observed values for essential groundwater quality metrics and ground
water levels. The pH predictions (Fig. 5a) demonstrated a robust asso
ciation with actual values (R2 = 0.74), while the slope (0.72) suggests a 
minor underestimation at elevated pH levels. The model's prediction for 
EC (Fig. 5b) attained great accuracy with a R2 of 0.85 and a regression 
slope of 0.75, while it marginally underestimated values over 800 μS/ 
cm. Likewise, TDS (Fig. 5c) were well predicted (R2 = 0.79), with a slope 
of 0.82 indicating a steady trend capture with little underprediction. The 
model demonstrated modest predictive accuracy for Ca (Fig. 5d) with a 
R2 of 0.61 and a regression slope of 0.62, indicating bigger residuals and 
less concordance at elevated values. Predictions for Mg (Fig. 5e) 
exhibited more reliability (R2 = 0.73), but a slope of 0.70 indicates a 
tendency for underestimation. Predictions of TH (Fig. 5f) had the lowest 
performance (R2 = 0.60), because of compounding variability in 
component ions. HCO3

− concentrations (Fig. 5g) were predicted with 
reasonable accuracy, evidenced by a R2 of 0.67, while a regression slope 
of 0.79 suggested a favorable approximation with minor bias. The model 
for Cl− (Fig. 5h) attained a R2 of 0.78 and a slope of 0.83, indicating 
dependable predictive capability with little underestimation. Ulti
mately, GWL (Fig. 5i) demonstrated a strong correlation between 
observed and predicted values, with a R2 of 0.70 and a slope of 0.71. The 
model's post-monsoon forecasting ability was good across all parame
ters, especially for EC, TDS, and Cl− .

3.3. Groundwater spatial maps

3.3.1. Pre-monsoon spatial variability
The pH map (Fig. 6a) exhibits a predominantly uniform distribution, 

with values ranging from 6.88 to 7.87, consistently within neutral range 
across the research area, while somewhat more acidic regions are seen in 
the western side. The EC map (Fig. 6b) exhibits significant heteroge
neity, with elevated EC values (>1000 μS/cm) concentrated in the 
central region, suggesting potential contamination or mineral dissolu
tion in these areas, while lower EC values are found in the southern and 
eastern areas. The geographical distribution of TDS (Fig. 6c) mirrors that 
of EC, with heightened concentrations reaching 496.4 mg/L in central 
and northeastern regions, indicating areas of increased salinity or solute 
buildup. Ca concentrations (Fig. 6d) are predominantly elevated in 
dispersed areas, particularly in the southeastern region, with values 
from 21.84 to 106.42 mg/L. Mg (Fig. 6e) exhibits significant hotspots in 
central regions, with concentrations reaching a maximum of 57.80 mg/ 
L. The distribution of HCO3

− (Fig. 6f) has a distinct north-to-south 
gradient, with elevated concentrations (>290 mg/L) in southern re
gions, indicative of carbonate weathering or organic decomposition 

Table 3 
Comparative analysis of best models results for each groundwater parameter pre 
and post monsoon season; pH, EC (μS/cm), TDS (mg/L), Ca (mg/L), Mg (mg/L), 
TH (mg/L), HCO3

− (mg/L), Cl− (mg/L), GWL (m).

Groundwater 
Parameter

Season Model RMSE MAE NSE R2

pH Pre- 
Monsoon

Ridge 
Regression

0.11 0.08 0.78 0.77

Post- 
Monsoon

Ridge 
Regression

0.11 0.09 0.76 0.76

Electrical 
Conductivity

Pre- 
Monsoon

XGBoost 80.42 57.74 0.88 0.90

Post- 
Monsoon

XGBoost 88.87 66.90 0.85 0.87

Total Dissolved 
Solids

Pre- 
Monsoon

XGBoost 47.77 36.88 0.80 0.81

Post- 
Monsoon

Random 
Forest

51.54 36.66 0.73 0.77

Calcium Pre- 
Monsoon

Lasso 
Regression

5.36 8.34 0.66 0.67

Post- 
Monsoon

Ridge 
Regression

4.46 6.39 0.70 0.72

Magnesium Pre- 
Monsoon

XGBoost 8.68 5.92 0.78 0.74

Post- 
Monsoon

Random 
Forest

5.157 6.45 0.76 0.76

Total Hardness Pre- 
Monsoon

Random 
Forest

21.51 19.11 0.63 0.63

Post- 
Monsoon

Extra Trees 29.03 13.51 0.65 0.67

Bicarbonates Pre- 
Monsoon

Random 
Forest

24.0 23.03 0.65 0.65

Post- 
Monsoon

AdaBoost 27.10 19.12 0.66 0.67

Chlorides Pre- 
Monsoon

XGBoost 3.42 2.26 0.89 0.90

Post- 
Monsoon

XGBoost 6.26 5.86 0.87 0.89

Groundwater 
Level

Pre- 
Monsoon

XGBoost 3.09 1.93 0.85 0.86

Post- 
Monsoon

Extra trees 3.51 2.91 0.80 0.80
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influences. TH (Fig. 6g) has a heterogeneous distribution, with values 
between 121.32 and 304.78 mg/L, reaching a maximum in regions with 
high amounts of calcium and magnesium. The Cl− map (Fig. 6h) reveals 
localized elevated values (>60 mg/L), especially in the northern and 
western sectors of the area, perhaps signifying pollution by domestic 
wastewater or agricultural runoff. The GWL map (Fig. 6i) illustrates 
depth fluctuations between 8.26 and 19.9 m, with greater depths before 
the monsoon season.

3.3.2. Post-monsoon spatial variability
After seasonal rainfall recharge, the post-monsoon geographical 

distribution maps show the hydrochemical response of the aquifer sys
tem exhibiting partial dilution, with a little acidic tendency in the 
northern sector and more neutral conditions in the southern part. The 
pH values (Fig. 7a) ranged from 6.89 to 7.81, displaying essentially near- 
neutral conditions across the region. Remaining higher in the central 
and northern zones, EC (Fig. 7b) peaked at 1006.64 μS/cm, this shows 
that there were localized areas with higher ionic strength. The most 
important sign of post-monsoon dilution is in Ca and some sections of 
TDS. The fact that high EC stays the same and Cl− (Fig. 7h) levels rise in 
certain areas shows that there are localized flushing or inputs such as 
runoff or return flow and near-surface salt mobilization instead of uni
form dilution across the aquifer. With increased concentrations centrally 
and reduced values farther southeast, TDS (Fig. 7c) ranged from 128.05 
to 513.42 mg/L, showing partial dilution from monsoonal recharge. 
With a consistent trend of decreasing concentration throughout much of 
the area, the distribution of Ca (Fig. 7d) ranged from 20.07 to 101.84 
mg/L, with isolated peaks. With southern areas showing values over 60 
mg/L, maybe due to lithological impacts or subsurface interactions after 
the rise in the water table, magnesium (Mg) (Fig. 7e) showed a clear 

geographical gradient. With increasing levels in the southern and 
eastern regions, HCO3

− concentrations (Fig. 7f) displayed a broad range 
from 125.23 to 295.59 mg/L, in line with increased carbonate weath
ering during recharging. With a range from 121.28 to 316.93 mg/L, TH 
(Fig. 7g) showed a distribution like that of Ca and Mg, suggesting that 
these two ions essentially control hardness. With concentrations ranging 
from 23.23 to 67.89 mg/L, Cl− levels showed notable fluctuation; 
increased levels localized in the northwest region, most likely influenced 
by human sources such as domestic waste or agricultural runoff. With a 
shallower water table in the northern parts near the river (~7.27 m) 
relative to the deeper levels in the southern areas (~16.55 m), the GWL 
map (Fig. 7i) suggested a possible recharge gradient from north to south 
following the monsoon. The geographical distributions taken together 
show the impact of seasonal recharge on groundwater quality, pointing 
to areas of concern including EC and TDS hotspots as well as the aquifer's 
buffering capacity for pH and HCO3

− stability.

3.4. Temporal variability of model results

A thorough comparison was performed to assess the performance of 
several prediction models in estimating groundwater quality indicators 
and levels using temporal data from 2013 to 2023. The evaluated models 
comprised SVM, KNN, RF, XGBoost, ANN, CNN, and LSTM networks , as 
depicted in Table 4 below. Their performance was evaluated using four 
established statistical metrics: the R2, NSE, RMSE, and MAE. The results 
revealed that LSTM consistently outperformed all other models across 
the evaluated parameters, including pH, EC, TDS, Ca, Mg, TH, HCO3

− , 
Cl− , GWL and the relationship with rainfall. In the case of pH prediction, 
LSTM achieved the highest R2 value of 0.91 with good fit NSE, along 
with the lowest RMSE and MAE, indicating superior accuracy and 

Fig. 4. Predicted vs actual values of groundwater parameters during the pre-monsoon season with regression lines and R2 values indicating model performance.
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Fig. 5. Predicted vs actual values of groundwater parameters during the post-monsoon season with regression lines and R2 values indicating model performance.

Fig. 6. Comparative investigation of groundwater variability: a comparative analysis-2024; pre-monsoon season (a) pH (b) EC (c) TDS (d) Ca (e) Mg (f) HCO3
− (g) TH 

(h) Cl− (i) GWL.
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Fig. 7. Comparative investigation of groundwater variability: a comparative analysis-2024; post-monsoon season (a) pH (b) EC (c) TDS (d) Ca (e) Mg (f) HCO3
− (g) 

TH (h) Cl− (i) GWL.

Table 4 
Comparative evaluation of ML & DL models for groundwater quality and level prediction using R2, RMSE, and MAE; pH, EC (μS/cm), TDS (mg/L), Ca (mg/L), Mg (mg/ 
L), TH (mg/L), HCO3

− (mg/L), Cl− (mg/L), GWL (m).

Evaluation Parameter SVM KNN RF XGBoost ANN CNN LSTM

pH (R2) 0.82 0.78 0.85 0.87 0.84 0.86 0.89
pH (RMSE) 0.35 0.42 0.31 0.29 0.33 0.31 0.27
pH (MAE) 0.28 0.34 0.25 0.23 0.26 0.24 0.22
pH (NSE) 0.83 0.77 0.84 0.86 0.85 0.87 0.86
EC (R2) 0.79 0.75 0.83 0.86 0.82 0.84 0.88
EC (RMSE) 113.01 115.38 98.77 92.47 105.22 96.82 88.69
EC (MAE) 89.44 102.11 78.51 72.30 83.74 75.28 68.90
EC (NSE) 0.80 0.76 0.82 0.82 0.84 0.86 0.89
TDS (R2) 0.81 0.77 0.84 0.88 0.83 0.85 0.89
TDS (RMSE) 55.22 54.62 46.38 40.19 60.57 54.82 37.27
TDS (MAE) 58.79 54.46 41.25 56.83 54.32 39.59 33.12
TDS (NSE) 0.80 0.74 0.81 0.87 0.85 0.87 0.90
Calcium (R2) 0.76 0.72 0.8 0.83 0.79 0.81 0.85
Calcium (RMSE) 6.43 5.22 8.89 9.66 7.51 6.12 5.72
Calcium (MAE) 9.82 7.34 7.50 7.68 8.12 8.06 6.37
Calcium (NSE) 0.78 0.70 0.76 0.82 0.80 0.80 0.86
Magnesium (R2) 0.74 0.75 0.78 0.81 0.77 0.79 0.83
Magnesium (RMSE) 8.66 9.86 7.58 6.93 8.17 7.34 6.40
Magnesium (MAE) 6.95 7.87 6.04 5.57 6.49 5.83 5.12
Magnesium (NSE) 0.75 0.73 0.78 0.80 0.79 0.81 0.83
Total Hardness (R2) 0.81 0.76 0.84 0.87 0.82 0.85 0.89
Total Hardness (RMSE) 25.72 30.25 20.57 18.19 23.66 19.80 16.42
Total Hardness (MAE) 17.42 15.13 19.37 12.50 21.84 23.77 17.09
Total Hardness (NSE) 0.81 0.76 0.85 0.86 0.83 0.86 0.90
Bicarbonate (R2) 0.75 0.71 0.79 0.82 0.78 0.80 0.84
Bicarbonate (RMSE) 14.51 18.32 11.83 10.69 13.15 15.44 14.22
Bicarbonate (MAE) 13.62 12.79 9.42 8.79 11.52 12.31 10.55
Bicarbonate (NSE) 0.76 0.70 0.80 0.80 0.79 0.78 0.82
Chloride (R2) 0.77 0.73 0.81 0.84 0.80 0.82 0.86
Chloride (RMSE) 15.33 13.14 10.25 17.56 13.66 19.01 15.28
Chloride (MAE) 16.21 10.08 12.19 10 14.87 11.27 18.12
Chloride (NSE) 0.78 0.71 0.80 0.82 0.82 0.80 0.80
Rainfall & GWL (R2) 0.83 0.79 0.86 0.89 0.85 0.87 0.91
Rainfall & GWL (RMSE) 1.31 1.41 0.92 0.99 0.55 0.61 0.46
Rainfall & GWL (MAE) 0.68 0.84 0.54 0.34 0.56 0.93 0.29
Rainfall & GWL (NSE) 0.84 0.80 0.87 0.90 0.84 0.88 0.90
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reliability. Similarly, for EC and TDS, LSTM demonstrated R2 values of 
0.88 and 0.89, respectively, with the lowest RMSE (88.6 μS/cm for EC 
and 37.2 mg/L for TDS) and MAE (68.9 μS/cm for EC and 33.1 mg/L for 
TDS), highlighting its capability to handle the temporal variability 
inherent in groundwater quality data.

For other parameters such as Ca, Mg, TH, HCO3
− , and Cl− , LSTM 

maintained the highest predictive accuracy with minimal error values. 
Notably, in modeling the relationship between rainfall and groundwater 
level; a critical aspect of groundwater management.

LSTM excelled with R2 = 0.91, NSE = 0.90, RMSE = 0.46 m, and 
MAE = 0.29 m. This confirms the model's strength in capturing long- 
term dependencies and complex temporal interactions between cli
matic and hydrogeological factors. Among traditional ML methods, RF 
and XGBoost showed relatively better performance compared to SVM 
and KNN, which yielded lower R2 and higher error values across most 

parameters. DL models, particularly LSTM, benefited from their ability 
to process sequential data and identify nonlinear trends over time, 
especially in groundwater level monitoring. These findings underscore 
the effectiveness of LSTM in predicting groundwater quality and levels.

3.5. Temporal variation in groundwater during pre- and post-monsoon 
periods (2013–2028)

Because future climate and land-use conditions are uncertain and are 
not explicitly represented in the model inputs, the 2024–2028 pro
jections were treated as baseline forecasts conditional on recent system 
behavior. Climate sensitivity was assessed by scaling seasonal rainfall by 
±10% (dry/wet scenarios). The resulting forecast quantifies how GWL 
and salinity indicators respond to realistic climatic variability and in
dicates that forecast uncertainty increases with lead time and is greatest 

Fig. 8. Temporal variability in the study area from 2013 to 2028: a comparative analysis of (a) pre-monsoon water quality (b) post-monsoon water quality (c) 
groundwater level.
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under dry-season assumptions. Under these scenarios, salinity-related 
indicators exhibited the greatest sensitivity and widening uncertainty 
with forecast lead time. By 2028, EC is projected to increase to 
approximately 1050–1100 μS/cm at some points, with a plausible en
velope of 1000–1150 μS/cm under wet and dry conditions, respectively. 
Similarly, TDS increases to around 500–560 mg/L, ranging from 480 to 
600 mg/L across rainfall scenarios. Cl− demonstrates moderate sensi
tivity, reaching approximately 70–80 mg/L under baseline conditions 
and varying between 65 and 85 mg/L under wet and dry forcing. In 
contrast, pH remains stable (7.2–7.8) across the forecast horizon, 
reflecting buffering capacity in the aquifer system. Under wet conditions 
(+10% rainfall), projected depths remain slightly shallower, reaching 
approximately 20.8 m, while under dry forcing (− 10% rainfall), 
groundwater levels decline more, reaching approximately 22.7 m by 
2028. Similar sensitivity is observed for post-monsoon conditions, 
where the baseline depth is projected to reach 19.3 m, with an uncer
tainty envelope of approximately 21.1 m under dry rainfall forcing. 
Overall, the uncertainty range expands with increasing lead time, and 
the largest climatic sensitivity occurs for EC, TDS, and Cl− . These sce
nario bounds support robust interpretation of near-term trends while 
acknowledging increasing climate-driven uncertainty with time.

An analysis of groundwater quality metrics from 2013 to 2028 is 
shown (Fig. 8), which underscores notable trends and variations. EC 
exhibited significant variation, measuring around 550 μS/cm in 2013 
and thereafter increasing over time. TDS had the same pattern, reaching 
around 250 mg/L in 2013, declining to 220 mg/L in 2015, and then 
increasing again (Fig. 8a). These fluctuations indicate potential sources 
of pollution and alterations in concentration. Total hardness exhibited 
minimal variations, remaining relatively constant at an average of 150- 
200 mg/L in the early years, with an increase observed in subsequent 
years, indicating stable concentrations of calcium and magnesium ions, 
which are vital for maintaining water quality. pH values consistently 
ranged from 6.9 to 7.9 (Fig. 8a), indicating stable acidity/basicity, 
whereas bicarbonate levels, which influence alkalinity, varied from 100 
to 340 mg/L at some periods, reaching a maximum value. Magnesium 
levels exhibited considerable variability, while calcium levels varied 
somewhat, averaging 70 mg/L and peaking at 108.54 mg/L (Fig. 8a).

The concentration of Cl− in the water decreased to 48 mg/L in 2023, 
increasing up to 74 mg/L in 2028, based on model estimates (Fig. 8a). 
These patterns emphasize how crucial it is to preserve water quality and 
deal with possible sources of pollution through ongoing monitoring and 
efficient management.

Fig. 8b illustrates the temporal variation of several water quality 
parameters throughout the post-monsoon period from 2013 to 2028. EC 
values are variable; they are projected to rise to around 1045 μS/cm by 
2028, after a decrease from 650 μS/cm in 2015 to roughly 1000 μS/cm 
in 2023 (Fig. 8b). Elevated EC indicates salinity, thereby impacting soil 
health and agricultural output. The levels of TDS influence the taste and 
suitability of water for consumption and irrigation. The levels surged 
significantly from around 250 mg/L in 2013 to an estimated 500 mg/L 
by 2028 (Fig. 8b). TH exhibited minor fluctuations, increasing from 
around 28 mg/L Ca in 2013 to about 38 mg/L Ca by 2019 (Fig. 8b). The 
pH scale is projected to rise from an average of 6.89 in 2013 to 7.8 by 
2028, with peaks reaching 7.95 at certain intervals (Fig. 8b). Mg con
centrations fluctuate between 30 and 50 mg/L, with elevated values at 
some intervals, whereas calcium levels typically range from 40 to 80 
mg/L, contributing to water hardness. From 2022 to 2025, Cl− con
centrations decrease from about 48 mg/L (Fig. 8b) and then stabilize.

The temporal study of GWL (Fig. 8c), from 2014 to 2028 demon
strates a marked and continuous decrease in groundwater availability. 
Pre-monsoon groundwater levels demonstrated a steady decline, 
increasing from roughly 14 m in 2014 to nearly 22 m by 2028, as 
indicated by the below regression equations (5) and (6). 

GWL Pre=0.56 x − 1114.76 (5) 

GWL Post=0.50 x − 994.25 (6) 

where x is the year. The reduced groundwater levels noted after the 
monsoon, compared to those before, indicate replenishment from sea
sonal precipitation events. Seasonal precipitation exhibited significant 
variability throughout the years, often ranging from 200 to 400 mm 
every season, but without a consistent long-term upward or downward 
trend.

4. Discussion

4.1. Comparison with existing studies

XGBoost, LSTM, and IDW were used in previous groundwater studies 
and are often employed separately (Osman et al., 2021; Thakur et al., 
2025). As IDW is used primarily for mapping and models such as 
XGBoost/LSTM primarily for prediction or forecasting, often with 
limited comparison across ML and DL methods and without examining 
seasonal or task-specific suitability. The contribution of this study is a 
unified workflow that (i) predicts individual groundwater parameters at 
unmonitored locations using conditioning variables rather than prox
imity alone, (ii) generates pre- and post-monsoon GIS surfaces for 
multiple hydrochemical indicators and GWL, and (iii) produces 
time-series forecasts to support early warning and management de
cisions within one reproducible pipeline. This study found that XGBoost 
and RF models as demonstrated in early studies (Guo et al., 2023; Osman 
et al., 2021; Wang et al., 2018) were the most effective models for 
predicting groundwater parameters, with XGBoost achieving R2 = 0.90 
for electrical conductivity and 0.90 for chloride during the pre-monsoon 
season. In our study, validation plots showed strong correlations be
tween predicted and actual values; for instance, EC had R2 = 0.87 
pre-monsoon and 0.85 post-monsoon. Spatial analysis revealed EC 
values exceeding 1000 μS/cm and TDS concentrations up to 496.4 mg/L 
in central regions, indicating potential salinity issues. The LSTM model 
outperformed all others, achieving R2 = 0.91 and NSE 0.90 for 
rainfall-GWL predictions, with the lowest RMSE and MAE across all 
metrics. Temporally, groundwater levels declined from 14 m in 2014 to 
nearly 23 m by 2028, while Cl− levels rose from 48 mg/L to 74 mg/L, 
highlighting growing pollution and water scarcity. The spatial mapping 
of groundwater revealed significant fluctuations in groundwater level 
and quality parameters due to pre- and post-monsoon season as well as 
near and far from the river. Temporal analyses from 2013 to 2028 
revealed rising trends in electrical conductivity and total dissolved solids 
(Rao et al., 2022), signaling worsening salinity conditions, while 
groundwater levels showed a significant long-term decline despite sea
sonal recharge, with pre-monsoon depths projected to reach approxi
mately 23 m by 2028. Overall, the model demonstrates reliable 
performance in predicting most groundwater quality and level in
dicators for the pre-monsoon season (Sahour et al., 2020). The findings 
demonstrate that the model successfully generalizes the groundwater 
dynamics during post-monsoon recharge settings impacting parameters 
(Jaafarzadeh et al., 2021; Mohan et al., 2018). The regional distribution 
of groundwater parameters (Fig. 6) measured in the pre-monsoon season 
exhibits notable heterogeneity driven by land use, hydrogeological 
conditions, and probable human activities, consistent with recent find
ings from spatially explicit and interpretable groundwater studies (Mo 
et al., 2025; Novický et al., 2010; Ranjan et al., 2006). This trend in
dicates shallower water levels near the river side (Yang et al., 2018), 
while deeper water levels in other areas either over-extraction or less 
recharge in particular areas. These geographical maps collectively 
identify areas of concern for groundwater quality in the pre-monsoon 
season and can establish a baseline for focused management and 
monitoring efforts (Oseke et al., 2021). This suggests that groundwater 
levels are likely to become more variable in upcoming years due to 
changes in seasonal rainfall, shifting cropping patterns and associated 
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changes in groundwater recharge and abstraction dynamics (Fishman, 
2018; Smith et al., 2024; Somorowska, 2017). The values for water 
quality parameters must adhere to specified ranges: pH should range 
from 6.5 to 8.5, EC should be between 500 and 1500 μS/cm, and TDS 
should not exceed 1000 mg/L. The acceptable limits for Ca are 75 mg/L, 
Mg must not surpass 50 mg/L, HCO3

− should be below 400 mg/L, Cl−

levels must not exceed 250 mg/L, and TH < 500 mg/L (Edition, 2011; 
Meride and Ayenew, 2016). Although most of the parameters are in 
acceptable range, these values are increasing with possible risks for 
future if not addressed, characterized by notable seasonal variations 
affected by precipitation patterns (Venkatesan et al., 2021). Signifi
cantly, years of increased precipitation were associated with recharge, 
highlighting the importance of recharging (Visser et al., 2018). None
theless, despite interannual fluctuations in rainfall, both pre- and 
post-monsoon groundwater levels exhibited consistent upward trends, 
indicating persistent groundwater depletion primarily caused by with
drawals due to increasing groundwater dependence that exceed natural 
recharge capacity (Sufyan et al., 2024; Turner et al., 2019). The corre
lation between groundwater levels and precipitation indicates that 
current rainfall is inadequate to offset rising groundwater extraction 
rates, underscoring the critical necessity for sustainable groundwater 
management and recharge enhancement strategies in the region.

4.2. Implications

These findings highlight the need for targeted groundwater man
agement strategies focusing on high-risk zones, proactive salinity con
trol measures, and improved recharge practices. Practically, this 
methodology and results can be applied in the study area for (i) risk- 
tiered seasonal monitoring with minimal pre-/post-monsoon sampling, 
(ii) forecast-based triggers for management by restricting new tubewell 
permissions and shifting from supply-driven to demand-based manage
ment due to limited surface supply in future climatic conditions, and (iii) 
targeted pollution control in hotspot buffers where chemical concen
trations remain elevated post-monsoon, consistent with localized 
anthropogenic inputs and return-flow/leaching effects. This includes 
enforcing stricter controls on industrial and agricultural effluent 
discharge, promoting land use changes that protect recharge zones, 
implementing community-level water budgeting, and encouraging 
rainwater harvesting and aquifer recharge interventions (Kashiwar 
et al., 2016; Patra et al., 2018). Moreover, the adoption of ML and DL 
models like XGBoost and LSTM in groundwater prediction frameworks 
can enhance early warning systems, optimize water resource allocation 
(Ahmad and Zhang, 2022), and support sustainable groundwater 
governance under future climatic and anthropogenic stressors. This 
framework can be employed to provide large-scale data analysis, i.e., for 
provincial and national groundwater management policies to monitor 
groundwater quality and storage.

4.3. Research limitations and future work

There were some limitations recognized in this study that can be 
addressed in future research. A primary problem faced was the restricted 
access to long-term and high-resolution data, and non-uniform datasets, 
which limited the analytical scope and may have affected model preci
sion. Future research should prioritize the acquisition of extensive sea
sonal groundwater observations with other interpolation techniques and 
continuous datasets from various geographical locations. This would 
improve understanding of regional groundwater dynamics and enhance 
the predictive performance of models. Furthermore, although the study 
examined essential hydrological parameters, several other significant 
factors, such as alterations in land use, agricultural intensification, 
population increase, and policy implementation were not comprehen
sively incorporated into the existing model. Forecasts for 2024–2028 are 
baseline projections assuming near-term stationarity of 2013–2023 re
lationships; this assumption is reasonable given the limited expected 

changes in the study area over a five-year period. Integrating these so
cioeconomic and environmental factors in future research may yield a 
more comprehensive knowledge of groundwater resource sustainability. 
Long-term monitoring, interdisciplinary data integration, and the utili
zation of modern modeling approaches, such as artificial intelligence 
and remote sensing, are crucial for enhancing water management sys
tems and assuring the sustainable utilization of groundwater resources. 
Future research should focus on multi-parameter integration, linking 
groundwater data with climate projections, land-use change, and so
cioeconomic drivers. Expanding the model framework to include real- 
time monitoring, IoT-based sensors, and remote sensing inputs could 
further enhance predictive capability and water resource resilience in 
Pakistan's semi-arid zones.

5. Conclusions

This research presented an integrated, data-driven framework for 
assessing groundwater quality and level fluctuations through spatial and 
temporal analyses, employing advanced ML models for precise fore
casting. The results underscore the growing threat to groundwater sus
tainability in the Chiniot and Faisalabad regions, likely influenced by 
increased tubewell installations, rapid urbanization, and agricultural 
expansion. Model evaluation using pre-monsoon data revealed high 
predictive performance across key groundwater parameters. Notably, 
EC demonstrated the strongest correlation (R2 = 0.90, NSE = 0.88), 
followed by Cl− (R2 = 0.90) and GWL (R2 = 0.87), indicating the model's 
ability to capture ionic variability in the groundwater. TH showed the 
weakest predictive power (R2 = 0.61), likely due to seasonal recharge 
dynamics and subsurface variability. Post-monsoon predictions further 
confirmed model accuracy, especially for EC (R2 = 0.87), and Cl− (R2 =

0.89), consistent with recharge-related changes after monsoon rainfall. 
Spatial maps for both seasons demonstrated notable regional variability, 
with elevated EC and TDS levels in the central and northern zones, 
suggesting possible anthropogenic pollution and mineral dissolution. 
Groundwater levels ranged from 8.26 to 19.9 m pre-monsoon and 7.27 
to 16.55 m post-monsoon, highlighting seasonal recharge yet indicating 
long-term decline trends. The temporal model comparison (2013–2023) 
revealed that Long Short-Term Memory (LSTM) networks consistently 
outperformed traditional models across all metrics. For instance, LSTM 
achieved an R2 of 0.91, NSE = 0.90, in predicting pH and groundwater 
levels, with lowest RMSE (0.46 m) and MAE (0.29 mg/L) for rainfall- 
GWL relationships. In contrast, models such as SVM and KNN yielded 
inferior performance, highlighting the superiority of deep learning in 
handling nonlinear, time-dependent hydrochemical data. Projected 
trends from 2013 to 2028 indicate a progressive increase in EC from 
~550 to 1045 μS/cm at some locations and TDS from ~250 to ~500 
mg/L, suggesting rising salinity levels and potential impacts on irriga
tion and drinking water suitability. These projections represent baseline 
continuation of recent conditions and should be interpreted with 
increasing uncertainty over time. Notably, groundwater levels are pro
jected to decline from 14 m to over 23 m pre-monsoon by 2028, 
underscoring critical aquifer stress and insufficient recharge despite 
monsoonal influence. These findings offer crucial insights for adaptive 
groundwater governance. By accurately modeling future groundwater 
dynamics, tools like XGBoost for spatial prediction and LSTM for tem
poral trends enable proactive planning. The integration of GIS mapping, 
seasonal recharge analysis, and deep learning facilitate precise identi
fication of contamination hotspots, informs early warning systems, and 
supports the design of site-specific mitigation strategies. Beyond pre
diction accuracy, the proposed workflow can be operationalized as a 
decision-support tool by updating hotspot maps and short-horizon 
forecasts annually to guide targeted monitoring, permitting, and miti
gation. This directly supports adaptive groundwater governance under 
limited monitoring capacity.
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