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Groundwater is a vital resource for domestic, agricultural and industrial activities worldwide. Rapid urbanization, industrialization, 

intensive agricultural practices and climate change have increased the risks of groundwater pollution and depletion. Conventional 

monitoring methods based on field sampling and laboratory analysis are often time-consuming, costly and limited in spatial and temporal 

coverage, restricting timely assessment and effective groundwater management. Recent advances in artificial intelligence (AI), machine 

learning (ML), geographic information systems (GIS), remote sensing (RS) and the Internet of Things (IoT) offer new opportunities to 

develop integrated monitoring networks to sustain long-term water security through efficient groundwater quality assessment, pollution 

prediction, contaminant tracking and sustainable water resource management. Following a PRISMA-based screening and eligibility 

assessment process, 103 relevant studies were selected and systematically analyzed to evaluate recent advances in AI, ML, GIS, RS and 

IoT applications for groundwater quality monitoring and management This review provides an updated overview of various recent studies 

and developments concerning the use of AI, ML, GIS, RS and IoT in groundwater monitoring, pollution mapping, health-risk evaluation 

and intelligent decision-making. It primarily emphasizes on applications of various machine learning algorithms namely artificial neural 

network (ANN), random forest (RF), support vector machine (SVM), extreme gradient boosting (XGBoost) and deep learning in 

prediction of groundwater quality and water quality index (WQI). This review also focuses on aspects of spatial analysis using GIS and 

RS, vulnerability assessment and detection of pollution hot-spot and on-line groundwater quality monitoring through IoT-based networks. 

In addition, some main challenges such as data availability, interpretability of models, reliability of sensors, cyber security and technology 

implementation are discussed critically. Potential future applications such as explainable AI (XAI), Digital Twins, edge computing, 

federated learning and intelligent decision support system (IDSS) are also presented. The study concludes that inter-disciplinary 

integration of environmental science, geospatial technologies and artificial intelligence can bring about robust, scalable and intelligent 

groundwater. 
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INTRODUCTION 

 Groundwater is a vital component of global freshwater 

resources and a major source of water for domestic supply, 

irrigation and industrial applications [1]. Nearly half of the 

global population depends directly or indirectly on ground-

water for daily water needs [2-5]. Population growth, 

urbanization, industrialization, intensive agriculture and climate 

change have placed increasing pressure on groundwater 

resources, with deterioration in water quality emerging as a 
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major environmental concern [6-8]. From a chemical persp-

ective, contamination by fluoride, arsenic, nitrate, heavy metals, 

pesticides, pharmaceuticals and other emerging pollutants poses 

serious risks to human health and ecosystems [9-12]. Pro-

longed exposure to contaminated groundwater may cause 

fluorosis, arsenicosis, kidney diseases, neurological disorders 

and other adverse health effects [12,13]. 

 Conventional groundwater monitoring relies on field 

sampling and laboratory-based chemical analysis. Although 

these methods provide reliable measurements of physico-
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chemical properties and contaminant concentrations, they are 

labour-intensive, time-consuming, expensive and dependent 

on discrete sampling. Such approaches may fail to capture 

seasonal variations, sudden contamination events and changes 

in hydrochemical composition. Limited spatial coverage and 

inadequate forecasting capabilities further restrict their effec-

tiveness in groundwater management [14,15]. Systematic 

assessment of pH, electrical conductivity, total dissolved 

solids, hardness, major ions, nutrients and potentially toxic 

elements is essential for identifying contamination sources, 

understanding geochemical processes and evaluating ground-

water suitability. 

 Recent developments in artificial intelligence (AI), machine 

learning (ML), geographic information systems (GIS), remote 

sensing (RS) and the Internet of Things (IoT) offer opport-

unities to integrate hydrochemical measurements with environ-

mental data for improved groundwater assessment. Machine 

learning techniques can identify complex nonlinear relation-

ships among physico-chemical parameters, geological charact-

eristics, land-use patterns and contaminant concentrations. 

Artificial neural networks (ANN), random forest (RF), support 

vector machines (SVM), extreme gradient boosting (XGBoost) 

and deep learning models have been applied to groundwater 

quality prediction, contamination assessment and water quality 

index (WQI) estimation [16-18]. These methods support the 

interpretation of chemical datasets, identification of potential 

pollution sources and prediction of groundwater quality 

variations. 

 GIS and remote sensing facilitate spatial assessment by 

integrating geological, hydrogeological, land-use and environ-

mental information. Their application enables the identifica-

tion of contamination hotspots, evaluation of land-use impacts 

and preparation of groundwater quality maps across extensive 

geographical areas [19]. Geostatistical techniques, particu-

larly inverse distance weighting (IDW) and kriging, are widely 

used to estimate the spatial distribution of chemical consti-

tuents and delineate contamination-prone regions [20]. The 

integration with hydrochemical data improves the interpre-

tation of spatial variations in groundwater composition. 

 IoT-based monitoring systems enable continuous, real-

time measurement of selected water quality parameters using 

chemical sensors and automated devices. Wireless communi-

cation and cloud-based platforms facilitate rapid data collec-

tion, transmission, and analysis. Automated monitoring and 

early-warning systems can detect abnormal changes in water 

quality parameters and support timely intervention [21-23]. 

Similarly, the integration with AI and ML models further 

enables contamination prediction and informed groundwater 

management. 

 Important challenges remain concerning hydrochemical 

data quality, model interpretability, prediction uncertainty, 

sensor calibration and reliability, data security and monitoring 

network scalability [5,8]. Addressing these limitations is 

necessary to establish reliable and sustainable groundwater 

monitoring frameworks. Existing research often examines 

ML, GIS, RS and IoT separately, while fewer reviews integrate 

these technologies into a unified framework encompassing 

chemical characterization, contamination prediction, health 

risk assessment, and decision-making. Applications of expl-

ainable artificial intelligence (XAI), digital twins, edge com-

puting and federated learning in groundwater management 

remain comparatively limited. Integrating these emerging 

technologies with chemical analysis and geochemical inter-

pretation can strengthen monitoring networks and sustain 

long-term water security. 

Methodology of review 

 The present study systematically reviews the growing 

application of artificial intelligence (AI), machine learning 

(ML), geographic information systems (GIS), remote sensing 

(RS), and the Internet of Things (IoT) in groundwater quality 

monitoring, contamination prediction and sustainable ground-

water management. A systematic review approach was adop-

ted to identify, critically evaluate and the prepare existing 

research while minimizing selection bias. The review meth-

odology followed the PRISMA guidelines to maintain transp-

arency, consistency, reproducibility in literature identification, 

screening, eligibility assessment and study selection [24-26]. 

 The review primarily covers studies published between 

2015 and 2026, with selected seminal publications from 2008 

to 2014 included to establish the theoretical, methodological, 

and technological foundations. Literature was retrieved from 

six scientific databases such as Scopus, Web of Science, IEEE 

Xplore, ScienceDirect, SpringerLink and Google Scholar. 

The search strategy covered groundwater hydrochemistry, 

water quality assessment, contamination monitoring, predic-

tive modelling, geospatial analysis and intelligent monitoring 

systems. The several keywords and search phrases were used 

for example, Groundwater quality monitoring; Groundwater 

contamination prediction; Artificial intelligence in water 

quality; Machine learning groundwater; Deep learning ground-

water quality; GIS groundwater contamination; Remote 

sensing groundwater assessment; IoT water quality monitoring; 

Smart groundwater management; and Water Quality Index 

prediction. 

 Boolean operators (AND and OR) were used to combine 

search terms, with database-specific syntax adapted to improve 

retrieval accuracy. The search strategy targeted studies add-

ressing groundwater chemical composition, physico-chemical 

parameters, contaminant distribution, pollution prediction, 

and technology-assisted groundwater management [27,28].  

 Study selection criteria: Following the literature search, 

the identified studies were screened using predefined inclu-

sion and exclusion criteria to ensure consistency and mini-

mize selection bias throughout the review process [27]. The 

review included peer-reviewed journal articles and conference 

papers published in English, primarily between 2015 and 

2026, with relevant studies from 2008 to 2014 considered 

where necessary to establish the theoretical, methodological, 

and technological foundations. Eligible studies focused on 

groundwater quality assessment, chemical characterization, 

contamination prediction, monitoring or management using 

artificial intelligence (AI), machine learning (ML), geographic 

information systems (GIS), remote sensing (RS), the Internet 

of Things (IoT), cloud computing, or related computational 

approaches. Studies were required to provide adequate metho-

dological details and report relevant model evaluation metrics. 

Publications addressing surface water quality, lacking suffi-
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cient methodological information or not primarily concerned 

with groundwater quality were excluded, along with duplicate 

records, abstracts, editorials, non-peer-reviewed publications 

and reports. These criteria helped maintain the relevance, 

transparency and consistency of study selection. 

 Screening and eligibility assessment: A total of 724 

records were initially identified through database searches of 

Scopus, Web of Science, ScienceDirect, SpringerLink, IEEE 

Xplore and Google Scholar. After removing 156 duplicate 

records, 568 records remained for title and abstract screening. 

Of these, 352 records were excluded as they were not directly 

related to groundwater quality monitoring, contamination fore-

casting, AI technologies, GIS, remote sensing or IoT-based 

groundwater management systems. The remaining 216 full-

text articles were assessed for eligibility. Of these, 113 articles 

were excluded due to insufficient methodological details, 

limited relevance to groundwater quality assessment, repli-

cated results, lack of peer review or a focus on surface water 

rather than groundwater. The remaining 103 articles met the 

inclusion criteria and were retained for further review and 

synthesis. These studies were examined to investigate the 

applications of AI/ML, GIS/RS and IoT techniques in ground-

water quality prediction, contamination-related health-risk 

assessment and intelligent groundwater management. The 

literature selection process comprised four stages viz. (i) iden-

tification of records through database searching; (ii) removal 

of duplicate records; (iii) screening of titles and abstracts; and 

(iv) full-text eligibility assessment, as illustrated in the PRISMA 

flow diagram (Fig. 1). 

 

 

Fig. 1. PRISMA-style flow diagram showing literature identification, 
screening, eligibility assessment and final study selection process 

adopted in the present review 

 

 Data extraction: Data were extracted from the selected 

studies using a structured approach to facilitate systematic 

comparison of the reported research findings. The extracted 

information included publication year, country or study area, 

groundwater quality parameters, AI/ML algorithms employed, 

GIS and remote-sensing techniques, IoT monitoring compo-

nents, prediction performance metrics, key findings and 

study limitations. In addition, the comparative assessment 

considered dataset sources and sizes, prediction targets, model 

validation strategies and the evaluation metrics reported in 

individual studies, wherever this information was available. 

For AI/ML-based studies, the analysis considered the algo-

rithms employed, data partitioning and validation procedures 

and reported performance measures such as the coefficient of 

determination (R2), root mean square error (RMSE), mean 

absolute error (MAE) and classification accuracy, where 

applicable. GIS and remote-sensing studies were examined 

in terms of spatial data inputs, groundwater-quality mapping, 

contamination assessment and validation approaches. IoT 

based studies were assessed in relation to monitored water 

quality parameters, sensor systems, data-transmission appro-

aches and reported field-validation evidence. A qualitative 

comparative analysis was adopted since the reviewed studies 

differed in their datasets, groundwater characteristics, predic-

tion targets, modelling approaches and performance indicators. 

Consequently, reported performance values were interpreted 

in the context of the methods and validation procedures used 

in each study rather than being treated as directly comparable. 

Missing information was identified as not reported and 

findings were interpreted according to the evidence available 

in the original publications. The extracted information was 

comparatively analyzed to identify common methodological 

approaches, variations in reported performance, limitations 

in validation practices and research gaps in the application of 

AI/ML, GIS, remote sensing and IoT to groundwater quality 

monitoring, contamination prediction, health-risk assessment 

and intelligent groundwater management. The analysis further 

examined challenges related to hydrochemical dataset avail-

ability, model generalizability, sensor reliability and techno-

logical integration. These findings provided a basis for identi-

fying research priorities and opportunities to develop more 

reliable, chemically informed and integrated groundwater 

monitoring systems [29]. 

 Review scope and novelty: Existing reviews on the 

groundwater quality have largely focused on contamination 

sources, hydrogeochemical processes, health-risk assessment 

or individual monitoring technologies. The present review 

adopts an integrated, cross-disciplinary approach to examine 

the applications of artificial intelligence (AI), machine learn-

ing (ML), geographic information systems (GIS), remote 

sensing (RS), and the Internet of Things (IoT) in groundwater 

quality assessment, contamination prediction and sustainable 

management. Based on a critical analysis of 103 selected 

studies, the review explores the complementary roles of these 

technologies in hydrochemical monitoring, predictive model-

ling, spatial contamination assessment, health-risk evaluation 

and decision support. Particular attention is given to the 

chemical parameters investigated, datasets used, prediction 

targets, validation procedures and reported performance indi-

cators, where available, to assess methodological differences 

and limitations. The review examines challenges related to 

data availability, model interpretability and generalizability, 

sensor reliability, cybersecurity, technological integration, 

and practical implementation. Emerging approaches, such as 

explainable artificial intelligence (XAI), cloud computing, 



2842 Tukaram et al.  Asian J. Chem. 

edge computing, Digital Twins and federated learning, are 

discussed in terms of their potential applications, limitations 

and relevance to groundwater management, with due consi-

deration of the limited groundwater-specific evidence for some 

technologies. The distinctive contribution of this review lies 

in connecting chemical characterization, monitoring techno-

logies, predictive methods, spatial analysis and health-risk 

assessment within a unified framework. The identified rese-

arch gaps and methodological challenges provide a basis for 

defining future research priorities and developing reliable, 

transferable and practically applicable groundwater monitor-

ing systems to sustain long-term water security. 

 Limitations of the review: Despite the efforts made to 

produce an accurate, thorough and systematic review, certain 

limitations should be acknowledged. This review included 

peer-reviewed articles published in English between 2008 

and 2026 and indexed in Scopus, ScienceDirect, Web of 

Science, SpringerLink, IEEE Xplore and Google Scholar. 

Although the overall review period covered 2008-2026, the 

primary focus was on studies published between 2015 and 

2026, with earlier studies included where necessary to establish 

methodological, theoretical and technological foundations. 

Consequently, relevant studies published in languages other 

than English, unpublished articles, technical reports and other 

grey literature were excluded. The reviewed studies covered 

diverse aquifer types, groundwater quality parameters, data-

sets, modelling techniques and evaluation methods, which 

may limit direct comparisons across studies. 

 Research objectives and scope: The continuous enhance-

ment of application of AI, ML, GIS, RS and IoT technologies 

have led to considerable improvement of groundwater quality 

monitoring, prediction of contaminations and management of 

water resource [30]. As such, this review attempts to critically 

discuss the utilization of emerging technologies in the assess-

ment of groundwater quality and its sustainable management, 

based on the objectives of the present review as follows: (i) 

Review of groundwater quality parameters and contaminants 

indicator; (ii) Assessment of AI and ML methods in the 

prediction of groundwater quality; (iii) Review of application 

of GIS and RS in contaminant mapping, (iv) Examination of 

IoT-based groundwater monitoring system and (v) Identi-

fying the research gaps and future scope in smart water 

management. The present review covers peer-reviewed 

studies published between 2008 and 2026, with a primary 

focus on research published between 2015 and 2026. Relevant 

earlier studies were included where necessary to provide 

methodological, theoretical and technological foundations. 

The reviewed studies address groundwater quality moni-

toring, contamination assessment, forecasting, predictive 

modelling and smart groundwater management through the 

application of AI, ML, GIS, RS and IoT technologies. 

 Groundwater quality parameters and contamination 

indicators: Physico-chemical and biological characteristics 

describe drinking, agricultural and industrial quality of ground-

water. Several parameters like pH, electrical conductivity, 

total dissolved solids, total hardness, major ions, nutrients 

and trace elements such as fluoride, nitrate, arsenic and heavy 

metals are generally studied. All these parameter value could 

possibly relate to the nature of geological or anthropogenic 

processes which are influencing the groundwater chemistry. 

Monitoring and assessment of these parameter values is an 

integral part of establishing the quality of the water calcul-

ating Water Quality Index (WQI) establishing risk analysis 

on human health and developing of machine learning-based 

models for the prediction of these parameters [31-33]. 

Determination of groundwater quality is based on the contin-

uously monitored parameters for the efficient management 

and control of contamination and for sustainable use of 

groundwater [33-35]. 

 pH: pH is the degree of acidic and alkaline nature of 

water. The pH varies depending on the minerals content and 

chemical reaction in the aquifer. The value of the pH reco-

mmended by WHO (2022) [5] for drinking water is between 

6.5 and 8.5 other wises scaling, corrosion or bad taste, 

variation of solubility of the metals, nutrients would occur in 

water. 

 Electrical conductivity (EC): EC gives an indication of 

the total amount of salts dissolved in water and is generally 

used to represent the complete mineralization of groundwater. 

High electrical conductivity values can be related to high 

salinity and mineralization levels and are usually caused by 

natural phenomena like weathering of rocks and man-made 

causes like discharge of industrial wastes, drain water from 

irrigation and infiltration of sea water [9,36]. 

 Total dissolved solids (TDS): TDS refers to all the 

inorganic and organic constituents present in a solution. A 

high level of TDS in water causes water to taste unpleasant 

and renders it unfit for domestic, agricultural or industrial 

consumption. TDS in drinking water should preferably not 

exceed 500 mg/L as recommended [9]. 

 Total hardness (TH): TH is most closely related to 

calcium and magnesium ions and will commonly form scale 

within pipes, appliances and equipment; also, in higher con-

centrations the effectiveness of soaps and detergents is 

decreased. The source of TH can be linked to the dissolution 

of carbonate rock such as in limestone or dolomite aquifers 

[37,38]. The status of groundwater should be checked for TH 

as water quality when in use:  

 Fluoride: In the groundwater, fluoride is found naturally 

due to weathering of fluoride bearing rocks through geolo-

gical processes. The benefit of fluoride consumption in the 

optimum concentration is preventive tooth decay and dental 

diseases. In higher concentration, fluoride can cause dental 

fluorosis and skeletal fluorosis. The WHO recommended 

drinking water with 1.5 mg/L fluoride level is safe for drink-

ing purposes [9,39]. 

 Nitrate: Nitrate is one of the commonly found conta-

minants of groundwater in agriculture regions due to appli-

cation of fertilizer for agriculture, livestock waste and sewage 

discharge. Excessive intake of nitrate concentration poses 

severe health risks to children, leading to methemoglobi-

nemia, which is also termed as blue baby syndrome and the 

WHO guideline value of drinking water quality for nitrate is 

50 mg/L [9,12,40]. 

 Arsenic: Arsenic is one of the significant human induced 

health hazards, wherein groundwater acts as a source of drin-

king water. Chronic exposure to arsenic contaminated water 

could lead to skin lesions, cardiovascular diseases and several 



Vol. 38, No. 11 (2026)  Emerging Soft Computing Methods for Groundwater Quality Prediction: A Comprehensive Review 2843 

cancer types. The WHO guideline value of arsenic concentra-

tion for drinking water is 0.01 mg/L [9,41,42]. 

 Heavy metals: Various toxic heavy metals such as lead 

(Pb), cadmium (Cd), chromium (Cr), mercury (Hg), iron (Fe) 

and manganese (Mn) contamination in the groundwater 

through anthropogenic sources like industries, mining opera-

tions, agriculture and due to natural geological causes may 

contribute to health disorders such as neurological disorders, 

kidney diseases and carcinoma to human [37]. The examined 

parameters relevant to contaminant detection, water quality 

index (WQI) assessment, human health risk evaluation and 

machine learning (ML)-based prediction of groundwater 

quality are presented, providing essential information for 

evaluating groundwater suitability and supporting its safe and 

sustainable utilization [37,43]. 

 Table-1 presents the key groundwater quality parameters 

along with their allowable limits and health or environmental 

implication. These parameters are considered to be the key 

determinants of the groundwater quality, assessment of con-

taminants and the predictors for the development of machine 

learning model. 

 GIS and remote sensing applications for groundwater 

quality assessment: GIS and remote sensing (RS) provide 

significant information in the study of groundwater quality 

assessment, contamination zones, sustainable water resources 

management. By means of acquisition, integration, interpre-

tation, depiction of spatial information using GIS and RS 

technology, groundwater status can be explored and sound 

management plan can be devised by experts and researchers 

[19,20,46,47]. GIS provides a powerful method to store, 

analyze and interpret the groundwater quality information 

obtained from field survey, monitoring well and laboratory 

test. The spatial distribution of the groundwater quality 

parameters as well as their relationship with the other 

environment-logical, hydrological and geological data can be 

analyzed and hotspots contamination areas can be delineated 

and estimate its spatial extent at local and regional level 

[19,48-50]. Among the spatial interpolation methods widely 

used in groundwater research, inverse distance weighting 

(IDW), ordinary kriging, universal kriging and spline inter-

polation are commonly applied to estimate groundwater quality 

parameters at unsampled locations and generate continuous 

spatial distribution maps [20,46]. Remote sensing, conversely, 

presents land-use/land-cover conditions, land surface charac-

teristics, vegetation vigor, potential ground water recharge 

zone, relation between surface water and ground water, all of 

which impact the ground water quality significantly. Landsat, 

Sentinel and MODIS satellite data are well established as 

sources for analysis of ground water resources and contami-

nation issues over large areas [19,47,51,52]. Combining of 

remote sensing data with GIS based analysis would enhance 

the ground water vulnerability and contamination hazard 

mapping. Several studies related to groundwater quality were 

performed using GIS and Remote sensing techniques to 

detect contamination by different pollutants such as nitrate, 

fluoride, arsenic, seawater intrusion and heavy metals, to 

know about the vulnerability zones for further treatment, 

management or remediation activities [53-55]. The newest 

technologies have also improved studies on the quality of 

groundwater by the integration of GIS, RS with AI. The asso-

ciation of machine learning algorithm with geo-referenced 

information has assisted to estimate pollution hazard and 

identify polluted areas precisely and determine water vulner-

ability accurateness [18,56-58]. Such integrated methodo-

logies have also extensively used in the smart water manage-

ment plans to handle the massive data quickly in decision 

support system [18,56-58]. However, by and large GIS and 

remote sensing technologies are capable to act as a good tool 

to monitor the groundwater quality, mapping and analyzing 

the contamination risk, water management for the resources 

in a sustainable manner. Further enhancement of existing water 

management plan using future emerging technology and 

smart system like IoT along with GIS and remote sensing can 

also improve water management 

 Table-2 summarizes the major applications of GIS and 

remote sensing in groundwater quality assessment, emphasi-

zing the role of spatial analysis, interpolation techniques, and 

satellite-derived observations in contaminant distribution 

mapping, groundwater vulnerability assessment and sustain-

able resource management. 

 Fig. 2 illustrates the GIS-based groundwater quality 

assessment framework, beginning with data collection and 

processing, followed by spatial interpolation, contamination 

mapping and decision support for groundwater management. 

 IoT-based groundwater monitoring systems: The im-

plementation of the IoT into groundwater quality monitoring 

has transformed conventional sampling-based approaches by 

enabling continuous, real-time measurement of water quality 

parameters. Traditional monitoring relies on the collection of 

the groundwater samples and analyzing them in laboratories. 

 

TABLE-1 

LIST OF GROUNDWATER QUALITY INDICATORS, STANDARD PERMISSIBLE VALUES AND THEIR HEALTH IMPLICATIONS 

Parameter Unit Permissible limit Health/environmental significance Ref. 

pH – 6.5-8.5 Controls acidity, alkalinity and contaminant mobility [9,44] 

Electrical conductivity (EC) S/cm No specific limit Indicates salinity and dissolved ionic content [9] 

Total dissolved solids (TDS) mg/L 500 Affects taste and drinking water suitability [9,44] 

Total hardness (TH) mg/L as CaCO3 500 Causes scaling and affects domestic water use [9,37,38] 

Fluoride mg/L 1.5 Excess exposure may cause dental and skeletal fluorosis [9,39,45] 

Nitrate mg/L 50 High concentrations may cause methemoglobinemia [9,12,40] 

Arsenic mg/L 0.01 Carcinogenic and associated with chronic health effects [9,41,42] 

Lead (Pb) mg/L 0.01 Neurological and developmental disorders [9,13,43] 

Cadmium (Cd) mg/L 0.003 Kidney damage and toxic effects [9,13,43] 

Chromium (Cr) mg/L 0.05 Potential carcinogenic effects [9,13,37] 
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Although this approach provides accurate and reliable mea-

surements, however, it is time-consuming, labour-intensive, 

and often unable to detect sudden changes in groundwater 

composition [21,22,56,59]. IoT-based systems automate data 

collection, transmission, storage and analysis, which improve 

the monitoring efficiency and data accessibility. 

 An IoT-based groundwater monitoring system typically 

comprises chemical sensors, microcontrollers, communication 

modules and cloud-based data processing platforms. Sensors 

measure physico-chemical parameters such as pH, electrical 

conductivity (EC), total dissolved solids (TDS), temperature, 

dissolved oxygen, and turbidity, alongside selected chemical 

contaminants such as nitrate and heavy metals. The measure-

ments are transmitted to central servers through wireless 

communication technologies such as Wi-Fi, GSM, ZigBee, 

LoRaWAN and NB-IoT for subsequent processing and inter-

pretation [21,22,60]. Proper sensor selection and calibration 

are necessary to maintain measurement accuracy, particularly 

for specific ions and potentially toxic elements. 

 Cloud-based platforms enable data storage, visualization 

and trend analysis, with automated alerts generated when water 

quality parameters exceed predefined thresholds. Integration 

of AI and ML models supports the detection of abnormal 

changes in hydrochemical parameters and the prediction of 

potential contamination events, allowing timely intervention 

[23,56,61]. Continuous data collection expands monitoring 

coverage, lowers operational costs and provides researchers, 

environmental authorities and policymakers with reliable 

information for informed groundwater management [60,62]. 

 Integrating IoT with AI, GIS and remote sensing further 

strengthens groundwater monitoring by combining real-time 

measurements, predictive analysis and spatial assessment. 

Such integrated systems can identify unusual changes in water 

quality, estimate contamination risks and generate spatial 

distribution maps to locate potentially polluted groundwater 

sources. These capabilities offer considerable potential for 

intelligent water management and digital environmental moni-

toring [16,56,63]. Despite these advantages, the practical implem-

entation of IoT-based groundwater monitoring faces challenges 

related to sensor calibration, maintenance, measurement accu-

racy, communication reliability, network coverage, power supply, 

cybersecurity and equipment costs. Current research focuses 

on developing cost-effective, durable sensors, energy-efficient 

monitoring devices, edge-computing systems and reliable data 

processing techniques to improve the accuracy, security and 

long-term performance of groundwater monitoring networks 

[60,64-66].  

 Table-3 summarizes the main components of IoT-based 

groundwater monitoring systems and their respective funct-

ions. The integration of sensors, communication networks, 

cloud computing and data analytics enables real-time moni-

toring and informed groundwater management. Fig. 3 presents 

the system architecture, covering data acquisition, wireless 

transmission, cloud storage, data processing and decision support. 

TABLE-2 

LIST OF GIS AND REMOTE SENSING TECHNOLOGIES, THEIR APPLICATIONS AND 

CORRESPONDING OUTPUTS IN GROUNDWATER QUALITY ASSESSMENT 

Technology Application Output Ref. 

GIS Groundwater quality mapping Spatial distribution maps [19,48,49] 

GIS Contamination hotspot identification Risk maps [20,50] 

IDW Spatial interpolation of groundwater parameters Distribution maps [20,46] 

Ordinary kriging Spatial prediction and uncertainty assessment Continuous contamination surface [20,46] 

Remote sensing Land-use and land-cover analysis Pollution source identification [47,48] 

Landsat/sentinel imagery Groundwater recharge and vulnerability 

assessment 

Vulnerability maps [19,47,52,55] 

GIS + Machine learning Groundwater contamination prediction Intelligent decision-support systems [18,57,58] 

GIS + Remote sensing + AI Integrated groundwater management Risk assessment and monitoring framework [18,54,56] 

 

 

Fig. 2. Flow chart of GIS-based groundwater quality assessment framework 
 

 

TABLE-3 

LIST OF ESSENTIAL HARDWARE AND SOFTWARE COMPONENTS USED IN IoT-BASED GROUNDWATER MONITORING 

Component Function Examples Ref. 

Sensors Measure water quality parameters pH, EC, TDS, turbidity sensors [21,22,60] 

Microcontrollers Data acquisition and processing Arduino, ESP32, raspberry Pi [21,23] 

Communication modules Data transmission Wi-Fi, GSM, LoRaWAN, ZigBee [21,22,60] 

Cloud platforms Data storage and analytics AWS, Azure, Google Cloud [23,56,61] 

Analytics engine Prediction and decision support AI/ML models [16,56,63] 
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 Machine learning (ML) models for groundwater qua-

lity prediction: ML is an effective approach for assessing 

groundwater quality and predicting contamination. These 

models use historical physico-chemical parameters, contami-

nant concentrations, water quality index (WQI) values and 

relevant environmental variables to predict groundwater quality 

and assess potential health risks [16,30,67]. Most of the tradi-

tional statistics have difficulty in managing the complex non-

linear relationship between the hydrogeology, environment 

and quality variables. However, machine learning could use the 

countless amounts of data to analyze, identify obscure patterns 

and build reliable predicted models for groundwater quality 

assessment [16,30,68]. Groundwater quality prediction utilizes 

the recorded values for physico-chemical parameters, cont-

aminant concentrations, WQI and possible health risks on the 

basis of observed past and related environmental variables 

[16,18,69]. Enhanced availability of ground water monitoring 

data and computational power have led to the proliferation of 

machine learning algorithms for groundwater investigations 

[16,18,63]. 

 Artificial neural networks (ANN): Among the differ-

ent kinds of ML models that have been successfully used to 

predict groundwater quality (GWQ), ANNs are one of the 

most frequently used. ANNs are designed with inspiration 

from the structure of the human brain and have the ability to 

capture complex nonlinear relationships between groundwater 

quality parameters. Many investigations on using ANN for 

prediction of different parameters of GWQ such as pH, TDS, 

EC, fluoride, nitrate and WQI are available and most of them 

have achieved high prediction accuracy [56,67,70,71]. On the 

contrary to the high accuracy of the models, ANNs usually 

need big data size and enough computation time in order to 

train. However, overfitting and limited interpretability are the 

additional limitations, which must be addressed before appl-

ying these models to GWQ management [59,71]. 

 Random forest (RF): RF is an ensemble learning tech-

nique that improves predictive accuracy and model robust-

ness. It performs well with noisy and incomplete datasets and 

has been applied to groundwater contamination classification, 

water quality index (WQI) prediction, arsenic occurrence 

assessment and groundwater vulnerability mapping [57,58,72]. 

RF can estimate feature importance and help in identify the 

variables, which is the most strongly influence groundwater 

quality and supporting result interpretation. Compared with 

artificial neural networks (ANNs), RF generally requires less 

parameter tuning and offers a more transparent modelling 

process [72]. 

 Support vector machines (SVM): SVM is a supervised 

learning algorithm widely used for classification and regre-

ssion tasks. It is suitable for modelling high-dimensional and 

nonlinear data and has been applied to pollutant concen-

tration prediction, groundwater suitability classification and 

water quality index (WQI) estimation [57,73,74]. SVM offers 

good generalization performance, resistance to overfitting when 

properly tuned and reliable predictions with small datasets 

[73]. Its limitations include sensitivity to kernel selection, the 

need for parameter optimization and high computational costs 

when processing large datasets [75]. 

 Extreme gradient boosting (XGBoost): The XGBoost 

is an ensemble machine learning algorithm widely used for 

environmental prediction. It captures nonlinear relationships 

by sequentially correcting errors from previous iterations, 

often achieving high predictive accuracy in groundwater 

quality modelling [76-78]. Its key advantages include com-

putational efficiency, the ability to handle missing values and 

feature selection through feature-importance analysis. These 

capabilities make XGBoost suitable for groundwater quality 

prediction, contamination assessment, water quality index 

(WQI) estimation and environmental risk assessment [78]. 

 Deep learning models: Deep learning uses neural net-

works with multiple hidden layers to identify complex patterns 

in data. Convolutional neural networks (CNNs), recurrent 

neural networks (RNNs), long short-term memory (LSTM) 

networks and hybrid CNN–LSTM models are increasingly 

used for groundwater quality prediction and spatiotemporal 

contamination assessment [68,79,80]. LSTM networks are 

particularly useful for time-series forecasting, as they can 

capture long-term dependencies in groundwater monitoring 

data. Deep learning models can achieve high predictive accu-

racy, although their performance depends on data availability, 

computational resources and careful hyperparameter tuning 

[79,80]. Hybrid CNN-LSTM models can capture spatial and 

temporal dependencies simultaneously, which improve the 

groundwater quality forecasting [68,79,80]. 

 Comparative evaluation of machine learning models: 

The selection of an appropriate ML model depends on dataset 

size, required prediction accuracy, computational resources 

and interpretability. ANNs and deep learning models can cap-

ture complex nonlinear relationships, whereas RF and XGBoost 

offer a practical balance between predictive performance, 

computational efficiency and model interpretation. SVMs are 

suitable for relatively small datasets and classification tasks 

[72,73,78]. Ensemble and hybrid AI approaches have reported 

improved performance in groundwater quality prediction 

compared with individual models [67,71,77,81]. Integrating 

ML with GIS, RS and IoT can strengthen groundwater moni-

toring and assessment [16,18,56]. These methods support con-

tamination prediction, WQI estimation and human health risk 

assessment. Model performance varies with data quality, 

hydrogeological conditions, spatial heterogeneity and para-

 

Fig. 3. Flow chart of IoT-based groundwater monitoring architecture 
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meter selection. Careful model selection, uncertainty analysis 

and independent validation are essential before applying ML 

models to groundwater management. Advances in intelligent 

technologies are expected to expand their role in environ-

mental assessment and decision-making [16,68,69,71]. 

 Table-4 compares machine learning models used for ground-

water quality prediction, outlining their advantages, limita-

tions and applications. Fig. 4 presents the workflow for deve-

loping and evaluating these models, while Fig. 5 illustrates 

their integration with GIS and IoT technologies for real-time 

groundwater monitoring, spatial analysis and management 

decisions. 

 AI-based health risk assessment: Continuous consum-

ption of contaminated groundwater leads to the formation of 

various diseases like dental and skeletal fluorosis, methemo-

globinemia, neurological diseases, cardiovascular diseases, 

kidney failure, various cancers, etc. [9,12,41,45]. Therefore, 

health-risk assessment has become an important part of ground-

water quality assessment and public health management [31]. 

Traditional methods of health risk assessment consider con-

centration of the contaminant and human exposure in the 

calculation of non-carcinogenic risk (HQ, HI) and carcino-

genic risk (CR). The health risk (non-carcinogenic) should be 

less than one (HQ < 1); otherwise, possible health effect is 

occurred. However, carcinogenic health risk (of specific 

compounds) must be less than the acceptable risk or a high 

carcinogenic risk would occur [82,83]. The effectiveness and 

accuracy of health risk assessment is considerably enhanced 

with the utilization of sophisticated approaches based on AI 

and ML. Health risk models have capacity to manage enor-

mous volumes of water quality data, model non-linear relation-

ship between water quality parameters and predict health risk 

more precisely as compared to conventional statistical models 

[16,84,85]. Machine learning methods, such as random forest, 

artificial neural networks, support vector machines and deep 

learning, have been applied to predict health risk indicators, 

classify pollution levels and identify population groups vulner-

able to groundwater contamination [84-86]. AI combined 

with GIS and remote sensing applications could improve the 

spatial health risk assessment.  

 Using all the described methods, location and extent of 

contaminated water as well as health risks among populations 

are effectively identified, whereas health risk map provided 

using GIS is used by policy makers to prioritize risk manage-

ment measures and to manage resources effectively [53,87,88]. 

In addition, IoT-based groundwater monitoring system has 

ability to provide simultaneous, real-time and in situ measure-

ments on groundwater quality parameter. Integration of ML 

with this IoT system would allow an early health risk warning 

mechanism, which contribute to mitigating emerging health 

risks [16,56,60]. Nevertheless, there were limitations to the wide 

applicability of AI based health risk assessment such as data 

availability, quantity of uncertainties and AI model transp-

arency have to be further improved. The application of explain-

able artificial intelligence (XAI) and an overall analysis of 

uncertainties, combined with health-risk assessment platform 

 

TABLE-4 

LIST OF COMMONLY USED MACHINE LEARNING ALGORITHMS WITH THEIR APPLICATIONS, 

STRENGTHS AND LIMITATIONS IN GROUNDWATER QUALITY PREDICTION 

Model Major Application Advantages Limitations Ref. 

ANN WQI prediction, contaminant 

forecasting 

Handles nonlinear relationships Overfitting, less interpretable [59,70,71] 

Random forest Classification, contamination 

prediction 

High accuracy, feature importance 

analysis 

Computationally intensive for 

large datasets 

[57,58,72] 

SVM Classification and regression Good performance with small datasets Parameter sensitivity and kernel 

selection 

[57,73,74] 

XGBoost Advanced prediction modeling High predictive performance and 

feature selection 

Model complexity [76-78] 

CNN Spatial contamination analysis Strong feature extraction capability Requires large datasets [68,79] 

LSTM Time-series forecasting Captures temporal patterns effectively High computational cost [68,80] 

 

 

Fig. 4. Machine learning framework for groundwater quality prediction 

 

 

Fig. 5. Flow chart of Integration of AI, GIS and IoT for smart groundwater management 
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including environmental monitoring, machine learning, geo-

spatial analysis etc., will ensure the reliability of the system 

and an effective decision-making can be implemented in 

future [16,89,90]. 

 Table-5 summarizes major groundwater contaminants, their 

sources, associated health impacts and key risk indicators used 

in public health assessment. Building on these parameters, Fig. 6 

presents a conceptual framework for AI-based groundwater 

health-risk assessment, linking groundwater quality monitoring 

with machine learning analysis, health risk estimation and 

decision support. This integrated approach supports the identi-

fication of contamination-related health hazards and helps 

prioritize interventions to protect vulnerable population groups. 

 Decision support systems (DSS) for smart groundwater 

management: Decision support systems play an important 

role in groundwater quality assessment, contamination manage-

ment and sustainable water resource planning. They integrate 

data acquisition, storage, analysis, visualization and decision 

making tools to support policymakers, scientists and water 

resource managers in addressing complex groundwater prob-

lems [92-96]. Integrating AI, ML, GIS, RS and IoT into DSS 

enables large-scale monitoring data analysis, contamination 

trend assessment and groundwater quality prediction [56,60, 

94,97]. ML algorithms, such as ANN, RF, SVM and XG-

Boost, support the prediction of water quality parameters, 

WQI and contamination risks, which allow to authorities to 

plan timely interventions [16,30,76,94]. GIS-based maps 

identify contamination hotspots and vulnerable areas, which 

help to prioritize monitoring, remediation and resource allo-

cation [53,58,98]. IoT networks provide continuous ground-

water quality measurements, while cloud computing supports 

centralized data storage, processing and access across moni-

toring locations [56,60,61]. Key challenges include data inte-

gration, sensor reliability, cybersecurity, model uncertainty 

and interoperability among different technologies [65,89,99]. 

Addressing these limitations will strengthen AI-based DSS 

and support informed groundwater management and long-

term water resource sustainability [56,60,94]. 

 Table-6 outlines the key components of smart ground-

water decision support systems and their functions. Fig. 7 

shows their integration within a unified architecture, linking 

IoT-based data acquisition with the AI-driven analysis, GIS-

 

TABLE-5 

LIST OF MAJOR GROUNDWATER CONTAMINANTS, THEIR SOURCES, 

ASSOCIATED HEALTH EFFECTS AND RISK ASSESSMENT INDICATORS 

Contaminant Major source Health effects Risk indicator Ref. 

Fluoride Geological formations Dental and skeletal fluorosis HQ, HI [9,45,88] 

Nitrate Fertilizers, sewage Methemoglobinemia HQ [9,12,42,87] 

Arsenic Geogenic processes Skin lesions, cancer HQ, CR [9,41,42,91] 

Lead Industrial discharge Neurological disorders HQ, CR [9,13,37] 

Cadmium Mining, industrial waste Kidney damage HQ, CR [9,13,43] 

Chromium Industrial effluents Carcinogenic effects CR [9,13,16] 

 

 

Fig. 6. Flow chart of AI-based health risk assessment framework 

 
TABLE-6 

LIST OF MAJOR COMPONENTS, THEIR FUNCTIONS AND RELATED 

TECHNOLOGIES IN SMART GROUNDWATER DECISION SUPPORT SYSTEMS 

Component Function Technology Ref. 

Data acquisition Continuous groundwater quality monitoring IoT sensors [21,22,56,60] 

Data storage Centralized data management and processing Cloud computing [56,61] 

Data analysis Groundwater quality prediction and assessment Artificial intelligence and machine learning [16,30,76,77] 

Spatial analysis Mapping, visualization and hotspot identification GIS and remote sensing [19,46,47,98] 

Risk assessment Contamination and health-risk evaluation ML-Based risk models [53,84,85] 

Decision support Sustainable groundwater management recommendations Integrated DSS platforms [92-96] 

 

 

Fig. 7. Flow chart of smart groundwater decision support framework groundwater sensors (IoT) 
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based spatial visualization and cloud computing to support 

groundwater quality assessment, contamination management 

and sustainable resource planning. 

 Challenges and research gaps: Despite advances in AI, 

ML, GIS, RS and IoT for groundwater quality assessment and 

contamination prediction, several challenges limit their large-

scale implementation. Addressing these issues is essential for 

developing reliable intelligent monitoring systems and sust-

ainable groundwater management strategies. Data availability 

and quality remain major concerns for AI and ML applica-

tions. Groundwater monitoring data are often limited in many 

regions due to sparse monitoring networks, incomplete records, 

missing values, inconsistencies in sampling and data collec-

tion methods. These limitations can reduce model accuracy 

and prediction reliability, which affect the effectiveness of AI-

based groundwater quality assessment systems [30,97,99]. 
 Reliability and calibration of sensors: Water quality 
sensors in IoT-based groundwater monitoring networks enable 
continuous data acquisition, but their performance can be 
affected by calibration errors, sensor drift, environmental 
interference and device malfunction. These factors may com-
promise measurement accuracy and the reliability of subse-
quent predictions. Maintaining sensor stability over extended 
periods is particularly challenging in harsh environments and 
remote monitoring locations, where regular inspection and 
maintenance may be difficult. The development of robust, 
cost-effective and self-calibrating sensors is a key research 
priority for improving the accuracy and long-term reliability 
of groundwater monitoring systems [21,22,60]. 
 Model interpretability: Although most of the high-
performance ML and DL models excel at the prediction tasks, 
most of the state-of-the-art ML/DL systems function as “black-
box” models, making them not very acceptable and usable for 
decision making. The requirements and necessity of having 
trustworthy AI-based water quality prediction and manage-
ment system are increasingly becoming prominent, the 
predictions outputs are often unexplainable, Therefore, XAI 
technique is expected to overcome this limitation [89,90]. 
 Model transferability: Although AI/ML models have 
shown promise in groundwater quality prediction, their trans-
ferability across different hydrogeological and climatic settings 
remains a major challenge. Models developed for a specific 
aquifer or region may lose predictive accuracy when applied 
to areas with different geological formations, land-use patterns, 
climatic conditions and pollution sources. Developing transfer-
able models requires multi-region datasets, cross-validation 
across hydrogeological settings and domain adaptation tech-
niques to improve performance in new environments. 
 Model reliability depends on appropriate data partition-
ing and validation strategies. Data leakage occurs when test 
data influence model training, preprocessing, feature selection 
or hyperparameter tuning, leading to overestimated predict-
ive performance. Random data splitting may also provide mis-
leading results when observations from nearby monitoring 
wells or repeated measurements from the same locations are 
divided between training and test sets. Spatially independent 
validation and chronological data splitting can provide a more 
realistic assessment of model performance at unobserved 
locations and during future periods. Overfitting remains a 
concern when datasets are small, incomplete or imbalanced. 

Regularization, control of model complexity and independent 
testing are important for evaluating predictive reliability. 
These methodological considerations help determine whether 
reported model accuracy represents genuine predictive capa-
bility and whether the models can be applied reliably across 
diverse groundwater systems. 
 Challenges in integration: Integrating AI, GIS, RS, 
IoT, cloud computing and decision support systems remains 
challenging due to differences in communication protocols, 
data formats, software architectures and computational require-
ments. Developing standardized, interoperable frameworks is 
essential for seamless data exchange, efficient processing and 
reliable integration of these technologies in intelligent ground-
water monitoring and management systems [56,61,99]. 
 Security and privacy concerns: Cloud-based platforms 
and large volumes of data generated by IoT sensors pose signi-
ficant cybersecurity and privacy challenges in groundwater 
monitoring systems. Data breaches, unauthorized access and 
network vulnerabilities may compromise sensitive water 
quality information and undermine management decisions. 
Strong encryption, secure communication protocols, access 
controls, regular security audits and reliable data storage 
mechanisms are essential to protect monitoring networks and 
maintain the integrity and confidentiality of groundwater data 
[61,65]. 
 Real-time decision support systems: Most of the exis-
ting groundwater quality monitoring systems focus on data 
collection, storage, retrieval and visualization, with limited 
capabilities for real-time automated decision-making and inter-
active resource management. Developing intelligent decision 
support systems that integrate continuous monitoring, predic-
tive analytics, automated alerts and timely management recom-
mendations remains an important research priority [92-94]. 
 Research gaps: The literature review identifies several 
research gaps that need to be addressed to improve ground-
water quality monitoring and management: (i) limited integ-
ration of AI, GIS, RS, and IoT within unified monitoring 
frameworks; (ii) insufficient application of explainable artificial 
intelligence (XAI) to improve the interpretability of ground-
water quality predictions; (iii) inadequate real-time monitoring 
networks capable of supporting large-scale applications; (iv) 
limited investigation of Digital Twins for groundwater 
modelling, simulation and management; (v) insufficient integ-
ration of uncertainty quantification methods such as Bayesian 
modelling, Monte Carlo simulation, ensemble modelling and 
probabilistic forecasting, to assess prediction reliability; (vi) 
inadequate attention to cybersecurity and data privacy in smart 
water management systems; and (vii) limited use of edge 
computing for local data processing and real-time assess-
ment. Federated learning offers another potential approach 
for collaborative model development across monitoring 
networks while limiting the need to centralize sensitive data 
[66,89,90,100-103]. Table-7 shows the major research chall-
enges and limitations in smart groundwater monitoring and 
management, which identify the priority areas for developing 
reliable, scalable and efficient intelligent groundwater mana-
gement systems. 
 Future research directions: Advances in AI, ML, GIS, 
RS and IoT are expected to strengthen future groundwater 
quality monitoring and management. Integrated intelligent 
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systems are needed to support real-time monitoring, contami-
nation forecasting, health-risk assessment and informed decision 
making for sustainable groundwater resource management 
[56,60,92,94]. Several emerging technologies offer potential 
solutions to current limitations, although their practical effec-
tiveness requires further investigation. 

 Explainable artificial intelligence (XAI) is a promising 

research direction for improving the interpretability of ML 

models used in groundwater quality assessment. By identi-

fying the contribution of input variables to model predictions, 

XAI can help researchers and groundwater managers under-

stand the factors influencing groundwater quality. Its reliability 

must be assessed using suitable explanation methods and 

groundwater-specific validation [89,90]. Digital Twin techno-

logy offers another potential approach through the creation of 

virtual representations of groundwater systems. Integrating 

Digital Twins with IoT sensor networks, GIS databases and 

ML algorithms could support real-time simulation, contami-

nation forecasting, scenario analysis and adaptive groundwater 

management [100,101]. 

 Future research should focus on validating these frame-

works across different aquifer types and hydrogeological set-

tings. Linking real-time sensor observations with groundwater 

flow and contaminant transport models could improve the 

simulation of groundwater conditions and the prediction of 

contamination events. Scenario-based simulations may help 

evaluate groundwater abstraction strategies, pollution control 

measures, and remediation options. Reliable implementation 

will depend on sensor data quality, interoperability, model 

calibration, computational requirements and validation against 

field observations. Quantifying predictive uncertainty under 

changing climatic and environmental conditions is essential for 

assessing model reliability. Validated Digital Twin systems 

could support early-warning mechanisms, infrastructure main-

tenance, and evidence-based groundwater policy decisions 

[100,101]. 

 Edge computing offers opportunities to process moni-

toring data close to the point of collection, reducing comm-

unication delays and supporting timely assessment of ground-

water quality. Its suitability depends on device capabilities, 

computational resources, network connectivity and the relia-

bility of locally generated predictions [66]. Federated learning 

provides a potential framework for combined model develop-

ment when groundwater data are distributed across institutions 

and cannot readily be shared. Although this approach reduces 

the need to transfer raw data, its effectiveness depends on data 

compatibility, communication requirements, model perfor-

mance across participating locations and appropriate privacy 

safeguards. The groundwater-specific studies are needed to 

establish its practical benefits and limitations [102,103]. 

 Future research should prioritize unified AI-GIS-IoT 

platforms that integrate real-time sensor data, spatial analysis, 

machine-learning predictions, cloud computing and decision 

support. Such platforms could improve contamination fore-

casting, identify the targeted and vulnerable areas and reme-

diation [56,61,98]. Smart city and smart village initiatives 

should incorporate groundwater quality monitoring into their 

environmental management programmes through sensor net-

works, cloud-based platforms, geospatial tools and AI-driven 

forecasting [56,60,61]. Achieving these objectives will require 

collaboration among hydrologists, geologists, environmental 

engineers, computer scientists, data analysts and policymakers. 

Field-based validation of integrated systems is essential to 

establish their reliability, scalability and contribution to sus-

tainable groundwater management [100-103]. 

 Table-8 summarizes emerging technologies and future 

research opportunities in groundwater quality monitoring and 

management, with emphasis on improving prediction accu-

TABLE-7 

LIST OF MAJOR CHALLENGES, THEIR IMPACTS, AND FUTURE RESEARCH NEEDS IN SMART GROUNDWATER MANAGEMENT 

Challenge Impact Future research need Ref. 

Data scarcity Reduced prediction accuracy Large-scale monitoring databases [30,97,99] 

Sensor reliability Poor data quality Self-calibrating sensors [21,22,60] 

Black-box AI models Limited trust and adoption Explainable AI (XAI) [89,90] 

Technology integration Interoperability issues Unified frameworks [56,61,99] 

Cybersecurity Data vulnerability Secure IoT architecture [65] 

Limited DSS capability Delayed decisions Real-time intelligent DSS [92-94] 

Prediction uncertainty Reduced reliability of AI predictions Uncertainty quantification frameworks [89,90] 

Real-time processing limitations Delayed contamination response Edge computing integration [66] 

Decentralized data management Data privacy concerns Federated learning approaches [102,103] 

Lack of virtual groundwater systems Limited scenario analysis capability Digital twin development [100,101] 
 

 

TABLE-8 

LIST OF EMERGING TECHNOLOGIES AND FUTURE RESEARCH OPPORTUNITIES 

Emerging technology Potential application Expected benefit Ref. 

Explainable AI (XAI) Model interpretation Improved transparency [89,90] 

Digital Twins Virtual groundwater systems Real-time simulation [100,101] 

Edge computing Local data processing Reduced latency [66] 

Federated learning Distributed AI modeling Data privacy protection [102,103] 

Smart IoT networks Continuous monitoring Real-time assessment [21,22,60] 

AI–GIS–IoT integration Intelligent groundwater management Enhanced decision support [56,61,98] 

Digital Twin + AI integration Predictive groundwater simulation Improved planning and management [100,101] 

Edge-AI systems Real-time contamination detection Faster response and reduced latency [66,102] 
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racy, model transparency, real-time monitoring and decision 

making. Fig. 8 presents a future-oriented framework integra-

ting AI, GIS, IoT, Digital Twins, edge computing and fede-

rated learning for intelligent groundwater monitoring and 

sustainable resource management. Table-9 compares the 

principal technologies reviewed in this study, outlining their 

strengths, limitations and major applications in groundwater 

quality monitoring, contamination forecasting and intelligent 

management. 

Conclusions 

 Groundwater quality is under growing pressure from 

urbanization, industrial activities, agricultural expansion, and 

climate change, creating a need for more efficient monitoring 

and management approaches. Conventional sampling and 

laboratory analysis remain important, but their cost, limited 

monitoring coverage and lack of predictive capability restrict 

their effectiveness for large-scale and continuous assessment. 

This review examines the role of AI, ML, GIS, RS and IoT 

in advancing groundwater quality monitoring, contamination 

forecasting, health-risk assessment and resource management. 

Geospatial technologies support the identification of conta-

mination hotspots and vulnerable areas, while ML models 

such as ANN, RF, SVM, XGBoost and deep learning help 

predict groundwater quality parameters, water quality indices 

and contamination risks. IoT-based sensor networks enable 

continuous data collection and timely alerts, while the integ-

ration of these technologies offers a practical foundation for 

intelligent groundwater management. The widespread appli-

cation of these systems remains constrained by inadequate 

datasets, sensor reliability issues, limited model transparency, 

uncertainty in predictions, cybersecurity risks and difficulties 

in integrating technologies across different scales. Research 

on XAI, Digital Twins, edge computing, federated learning, 

and integrated AI–GIS–IoT platforms may help address these 

limitations. Future efforts should prioritize field validation, 

standardized data practices, model reliability and practical 

implementation under diverse hydrogeological conditions. 

This review provides a consolidated understanding of current 

technological developments, their applications and unresolved 

challenges. The insights can guide researchers, environmental 

agencies, engineers and policymakers in designing effective 

groundwater monitoring programmes and developing evidence 

based management strategies to protect groundwater quality and 

ensure the long-term sustainability of this essential resource. 
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Fig. 8. Flow chart of future intelligent groundwater management framework 
 

TABLE-9 

LIST OF COMPARATIVE SUMMARIES OF REVIEWED TECHNOLOGIES 

Technology Strengths Limitations Major applications Ref. 

GIS Effective spatial analysis and 

mapping 

Depends on quality of 

spatial data 

Groundwater quality mapping, 

vulnerability assessment 

[19,20,46] 

Remote sensing Large-area coverage and 

rapid assessment 

Indirect measurement of 

groundwater conditions 

Land-use analysis, recharge 

assessment, contamination mapping 

[47,52,55] 

Artificial neural 

networks (ANN) 

Handles complex nonlinear 

relationships 

Overfitting, limited 

interpretability 

WQI prediction, groundwater quality 

forecasting 

[59,71,75] 

Random forest (RF) High accuracy and feature 

importance analysis 

Computationally intensive 

for large datasets 

Contamination prediction, 

groundwater potential mapping 

[57,58,72] 

Support vector machine 

(SVM) 

Effective with small and 

high-dimensional datasets 

Sensitive to kernel and 

parameter selection 

Classification and regression of 

groundwater quality 

[73,74] 

XGBoost High predictive performance 

and robustness 

Model complexity and 

tuning requirements 

Water quality prediction and 

contamination assessment 

[76-78] 

Deep learning 

(CNN/LSTM) 

Captures spatial and temporal 

patterns 

Requires large datasets and 

high computational power 

Time-series forecasting and 

contamination prediction 

[68,79,80] 

IoT Real-time monitoring and 

automated data collection 

Sensor maintenance and 

communication issues 

Smart groundwater monitoring 

systems 

[21,22,60] 

AI–GIS–IoT integration Comprehensive intelligent 

groundwater management 

Integration and 

interoperability challenges 

Decision support, risk assessment, 

smart monitoring 

[16,18,56] 
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data, results or scientific conclusions were generated by AI. 

All analyses, interpretations and conclusions are the authors’ 

own. The authors reviewed and edited the content and take 

full responsibility for the published work. 
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