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1. Introduction

Abstract: Artificial intelligence (AI) is rapidly transforming water
management by enabling data-driven prediction, intelligent
monitoring, optimization, and decision support across water-
resource systems. This review critically examines the emerging
applications of AI in smart water management, with particular
emphasis on the transition from conventional monitoring and
prediction toward integrated decision-making and autonomous
system control. The review synthesizes recent developments in
machine learning, deep learning, Internet of Things (IoT)-based
systems, reinforcement learning, explainable artificial intelligence,
and emerging agentic Al approaches applied to water resources,
water-quality monitoring, groundwater management, hydrological
forecasting, reservoir operation, wastewater treatment, water-
demand prediction, and smart water infrastructure. The major
benefits of AI include improved prediction accuracy, real-time
monitoring, early detection of water-quality deterioration,
optimization of operational processes, and enhanced decision
support. However, widespread implementation remains constrained
by data quality and availability, model interpretability, computational
requirements, cybersecurity risks, infrastructure limitations, high
implementation costs, and regulatory and governance challenges.
Particular attention is given to the emerging transition from AI-
assisted decision support toward autonomous water-system control,
where AI models can increasingly connect sensing, prediction,
decision-making, and physical actions. The review further identifies
key research gaps related to trustworthy and explainable AI,
integration of heterogeneous data sources, physics-informed
machine learning, human-in-the-loop decision-making, and equitable
deployment in resource-constrained water systems. Finally, a
conceptual framework is proposed linking sensing, Al-based
prediction, decision support, autonomous control, and continuous
feedback, providing a pathway toward resilient, intelligent, and
sustainable water management systems.

Key Words: Artificial Intelligence, Water management, Regional
scarcity.

Water is a fundamental component of environmental sustainability, economic development, public health, and ecosystem
functioning. Increasing population, rapid urbanization, climate variability, water-quality deterioration, groundwater depletion,
and aging water infrastructure have created substantial challenges for the sustainable management of water resources [1,2].
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Conventional water-management approaches often depend on periodicmonitoring, empirical assessment, and expert-driven
decision-making, which may be insufficient for systems characterized by high temporal variability, large data volumes, and
rapidly changing environmental conditions. The increasing availability of sensors, remote sensing observations, Internet of
Things (IoT) devices, geographic information systems (GIS), and high-frequency monitoring networks has consequently
generated new opportunities for data-driven water management [3,4].

Artificial intelligence (AI) has emerged as an important technological approach for addressing these challenges because
of its ability to identify complex nonlinear relationships, process large and heterogeneous datasets, generate predictions, and
support operational decision-making. Machine learning (ML), deep learning (DL), artificial neural networks (ANNSs), ensemble
learning, reinforcement learning (RL), and other Al-based approaches have increasingly been applied to water-quality
assessment, hydrological forecasting, groundwater management, water-demand prediction, reservoir operation, wastewater
treatment, flood and drought prediction, and water-distribution systems [1,5]. Recent reviews demonstrate that Al applications
now extend across a wide range of water-resources engineering problems, including streamflow prediction, water-quality
assessment, flood mapping, drought analysis, groundwater management, reservoir scheduling, and urban water operations [1].
The development of smart water management is also being accelerated by the integration of Al with IoT, remote sensing, cloud
computing, GIS, and advanced sensor technologies. Such integration enables water systems to move beyond conventional data
collection toward continuous monitoring and predictive management. For example, Al models can process real-time sensor
observations to identify abnormal conditions, predict changes in water quality or demand, detect potential infrastructure failures,
and provide decision support for operational management [3,4]. The combination of IoT-based sensing and ML can facilitate
real-time water-quality monitoring, early detection of contamination, and data-driven decision-making [3]. Consequently, the
integration of sensing, prediction, and control is creating a transition from conventional monitoring systems toward intelligent
water-management systems.

Despite these advances, the application of Al to water management remains associated with important scientific and
practical limitations. The performance of Al models is strongly dependent on the quality, quantity, representativeness, and
accessibility of training data. Differences in environmental conditions between training and application areas can reduce model
transferability and generalization. In addition, the black-box characteristics of several advanced Al models can limit their
interpretability and acceptance in applications where decisions may directly affect public health, environmental safety, and
critical infrastructure [6,1]. Cybersecurity, computational requirements, implementation costs, aging infrastructure, limited
technical expertise, and regulatory uncertainties further influence the practical deployment of Al-based systems [7,3].

Recent developments are also shifting attention from Al-based prediction toward intelligent decision-making and
autonomous control. In conventional systems, sensors generate information that is subsequently interpreted by human operators
before physical actions are implemented. In Al-enabled systems, predictive models can provide continuous decision support,
while emerging approaches involving reinforcement learning, digital twins, explainable Al, and agentic Al have the potential
to connect sensing, prediction, decision-making, and system control. However, increased autonomy also introduces new
requirements for transparency, validation, human oversight, cybersecurity, accountability, and governance [6,1]. Therefore, the
future development of smart water management requires not only more accurate Al models but also reliable and responsible
frameworks for integrating Al with physical water systems.

Although numerous studies have investigated individual applications of Al in water management, the rapidly expanding
literature remains fragmented across different water sectors, Al methodologies, and operational scales. Existing reviews have
frequently focused on specific applications such as hydrological prediction, water-quality monitoring, groundwater forecasting,
wastewater treatment, or individual machine-learning approaches [3,8,9]. For example, recent reviews have specifically
examined groundwater-level forecasting using machine-learning models and Al-based water-consumption assessment,
demonstrating the rapid expansion of Al applications within individual water-management domains [9,8]. A broader critical
assessment is therefore required to connect the evolution of Al techniques with their applications across integrated water systems
and to examine the transition from prediction and decision support toward autonomous water-system management.

Accordingly, this review critically examines the development and application of Al in smart water management, covering
water resources, groundwater, water quality, hydrological systems, water supply, wastewater treatment, and smart
infrastructure. Particular emphasis is placed on the capabilities and limitations of different Al techniques, the integration of Al
with ToT, remote sensing, GIS, and other digital technologies, and the emerging transition from monitoring and prediction to
decision support and autonomous control. The review also identifies major research gaps related to data quality, explainability,
generalization, cybersecurity, governance, and human oversight, and proposes future research directions for developing reliable,
transparent, resilient, and sustainable Al-enabled water-management systems.

2. Review Methodology
2.1 Literature Search Strategy

A structured literature search was conducted to identify recent scientific studies addressing the application of artificial
intelligence (AI) in water management and water-resources engineering. The literature search focused primarily on peer-
reviewed publications indexed in major scientific databases, including Scopus and Web of Science, with supplementary searches
conducted using ScienceDirect and IEEE Xplore where appropriate. The search period covered publications from 2010 to 2026
to capture the development of conventional machine-learning approaches as well as recent advances in deep learning,
explainable artificial intelligence, reinforcement learning, Internet of Things (IoT)-enabled systems, and emerging autonomous
and agentic Al applications.
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The search strategy combined keywords related to artificial intelligence with terms representing major water-management
domains. The principal search terms included “artificial intelligence”, “machine learning”, “deep learning”, “water
management”, “water resources”, “water quality”, “groundwater”, “hydrology”, “wastewater”, “water supply”, “reservoir
operation”, “flood prediction”, “drought prediction”, “water demand”, “IoT”, “remote sensing”, “smart water”, and
“autonomous water management”. Boolean operators such as AND and OR were used to combine the keywords and identify

relevant publications.

2.2 Inclusion and Exclusion Criteria

Studies were considered eligible when they met the following criteria: (i) the study was published in a peer-reviewed
scientific journal; (ii) artificial intelligence, machine learning, deep learning, or a related computational intelligence technique
was applied to a water-management or water-resources problem; (iii) the study reported a clear application, methodological
development, evaluation, or critical assessment of Al-based approaches; and (iv) sufficient methodological information was
available to identify the water-management application and Al technique. Review articles were additionally considered to
identify major research trends, methodological developments, and research gaps.

Studies were excluded when they were unrelated to water management, did not involve an Al-based approach, consisted
only of non-peer-reviewed material, lacked sufficient methodological information, or focused exclusively on general Al
applications without a direct connection to water systems. Duplicate records identified across databases were removed before
the screening process.

2.3 Screening and Classification of the Literature

The identified publications were screened in multiple stages. First, duplicate records were removed. Titles and abstracts
were subsequently examined to determine their relevance to Al-enabled water management. Potentially relevant studies were
then assessed based on their full text and classified according to their primary application, Al technique, data source, spatial or
temporal scale, and principal research objective.

The selected literature was classified into the following major application categories: (i) water-quality monitoring and
prediction, (ii) groundwater management, (iii) hydrological forecasting, (iv) flood and drought prediction, (v) reservoir and
surface-water management, (vi) water-demand forecasting, (vii) drinking-water and distribution systems, (viii) wastewater
treatment, (ix) smart water infrastructure, and (x) autonomous and intelligent water-system control.

Al methodologies were categorized into machine learning, ensemble learning, artificial neural networks, deep learning,
convolutional neural networks, recurrent neural networks, long short-term memory networks, reinforcement learning,
explainable Al, physics-informed machine learning, and emerging generative and agentic Al approaches. This classification
enables comparison of the capabilities, limitations, and suitability of different Al approaches across diverse water-management
applications.

2.4 Analytical Framework

The reviewed studies were analyzed according to five interconnected dimensions: Al methodology, water-management
application, data source, decision-making function, and level of system autonomy. The Al methodology dimension describes
the computational technique used for prediction, classification, optimization, or control. The application dimension identifies
the specific water-management problem addressed. The data-source dimension considers conventional monitoring data, sensor
observations, remote sensing, GIS-derived information, IoT observations, and other heterogeneous datasets.

The decision-making dimension distinguishes between descriptive monitoring, predictive modelling, decision support,
optimization, and automated control. The level-of-autonomy dimension further differentiates conventional human-operated
systems from Al-assisted systems and emerging autonomous systems. This framework provides the basis for evaluating the
transition from data collection and prediction toward integrated decision-making and autonomous water-system management.

2.5 Evaluation of AI Applications

The performance and practical relevance of Al applications were assessed using commonly reported indicators, including
prediction accuracy, coefficient of determination (R?), root mean square error (RMSE), mean absolute error (MAE),
classification accuracy, computational efficiency, interpretability, robustness, and transferability. Where appropriate, attention
was also given to the availability and quality of training data, model validation procedures, uncertainty assessment, and the
practical feasibility of implementation.

Particular emphasis was placed on limitations that may affect the transfer of AI models from experimental or site-specific
studies to operational water-management systems. These limitations include data scarcity, inconsistent monitoring, model
overfitting, limited interpretability, inadequate external validation, computational requirements, cybersecurity risks,
infrastructure constraints, and the absence of standardized regulatory frameworks.

2.6 Research Gap Identification

Finally, the literature was critically examined to identify areas where existing research remains insufficient. Particular
attention was given to the integration of heterogeneous data sources, explainable and trustworthy AI, physics-informed
modelling, transferability between geographic regions, human—AlI collaboration, cybersecurity, uncertainty quantification, and
autonomous decision-making. The identified gaps were subsequently used to develop future research directions and a conceptual

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 376 |Page



Artificial Intelligence in Smart Water Management: Emerging Technologies, Applications, Challenges,
and Future Directions

framework for the transition from conventional water monitoring toward intelligent, resilient, and increasingly autonomous
water-management systems.

3. Why Water, Why Now

Several structural pressures are pushing water technology to the front of the agenda:

e Regional scarcity and urbanization. In the Asia-Pacific region alone, roughly 60% of the world’s population lives with
access to only about 36% of global freshwater resources, and roughly 200 million people move into cities every decade,
straining reservoirs, canals, and urban water systems.

Climate volatility. The same demographic pressures are compounded by climate change, which is driving more severe
flooding, longer droughts, and faster eutrophication of freshwater bodies [1].

Aging infrastructure and tightening regulation. Utilities are contending with harmful algal blooms, PFAS regulation,
climate volatility, and aging infrastructure at the same time, and regulators increasingly expect utilities to demonstrate data-
driven management of their water systems [1,2].

¢ Rising expectations from insurers and tenants. Beyond utilities, commercial building owners face growing pressure to
modernize: insurers, lenders, and tenants increasingly expect built-in water intelligence, comparable to fire protection or
energy metering, and buildings without it are viewed as higher risk, harder to insure, and less aligned with ESG standards.
A genuinely enormous funding gap. Even after years of federal investment, the EPA estimates $625 billion in drinking
water infrastructure needs over the next 20 years, a figure that dwarfs current funding commitments and creates sustained
pressure to do more with the same physical assets — which is precisely where Al-driven efficiency gains are most attractive.

3. From Monitoring to Autonomous Action

| Al Technique || Application || Advantages || Limitations |
| Machine Learning H Water quality prediction “ High accuracy || Requires quality data |
Deep Learning Image analysis, gontamlnatlon Learns complex patterns Large datasets required
detection
| Random Forest H Water quality classification “ Robust and interpretable || Computational cost |
Artificial Neural Demand forecasting Nonlinear modeling Black-box behavior
Networks
Relnforc.ement Reservoir operation Adaptive optimization || High computational complexity
Learning
Agentic Al Autonomous system control Real-tﬁig;cmon- Governance and safety concerns

Table.1 Artificial Intelligence Techniques Used in Smart Water Management

Figure 1. Framework of Al-Based Smart Water Management

1. Data Acquisition 2. Data Transmission ' 4. Decision Support
: Water Sources
LY g;i::ﬁvbi::; > H IoT Gateway > % Machine Learning »| liEilii] Analytics Dashboard
“==" loT Sensors l o l
L (pH. Turbidity. 2 @ Deep Learning
()  Bo Flow N e e .
Pras o ¢ y Edge /Cloud L Decision Support
ressure, _omm Computing ornns
Temperature) ==
-/Irl- Predictive Analytics
ot ! |
=
Automated Control
== Data St .
éz Remote Sensing t ey Q Agentic Al izt ml  (vaives, Pumps)
L —

5. Outcomes / Benefits

-7 e®e
e T
Leak Detection Water Quality Efficient Operations Water Security Better Decision Making
& Reduction Improvement & Cost Saving & Sustainability & Service Reliability

The most significant technical advancement is the shift from passive monitoring to active response. Traditionally,
divisions existed within water systems between sensing and decision-making [1]. This meant that sensors gathered data, humans
inspected the reports and made decisions, and separate teams were subsequently sent to resolve the problems. This process is
being condensed. Al platforms are transforming conventional plumbing infrastructure into intelligent systems capable of real -
time monitoring, diagnosis, and autonomous response. They offer an active response which consists of the ability to monitor,
shut off and diagnose, in real time [7]. The same logic is applied from a utility perspective to reservoirs and source waters.
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Businesses are investing in IoT sensors that are continuously monitored and allow for predictive models to respond to water
quality actively before it declines [5,3].

This shift is being called agentic by many of the larger water technology suppliers. Among other things, it shows the
movement of agentic Al that has the ability to move from mere monitoring to performing actions like flow control, in the case
of water Al, to turning valves and shutting them in the case of a detection of a leak. The overall framework is shown in Fig. 1
and Table 1.

4. Treatment and Supply Innovation

Along with smart sensing, the physical treatment side of this business is advancing quickly as well [10]. The latest study
on the water treatment industry reveals the following key trends: desalination brings fresh water to places where it is scarce,
modular systems provide more flexibility, and environmentally-friendly bio-based treatment along with nanofiltration are
becoming increasingly popular. On the monitoring side, startups are increasingly using remote sensing, IoT devices, and
machine learning to enable continuous, real-time detection of contaminants rather than periodic manual testing [3,4].

A notably vigorous subdomain is that of methods for eliminating PFAS [11]. In addition to merely filtering “forever
chemicals” from water — a process that usually results in their concentration in a waste stream requiring separate disposal —
the cutting edge now involves technologies that completely decompose these compounds. Regulators have emphasized the
increasing array of deployable systems, and one water technology provider detailed the use of reverse-flow reverse osmosis to
minimize the leftover, highly concentrated brine usually linked to conventional reverse osmosis treatment — indicating that
treatment innovation is now focusing on the byproducts of previous treatment methods, rather than solely the original
contaminant.

Water reuse is undergoing a reframing process as well. Utilities facing unstable surface water supplies are increasingly
turning to reuse to reduce dependence on those sources rather than reserving it only for emergencies or arid regions, making
what was once treated as a last resort a standard planning practice. The major Al application areas are shown in Fig. 2 and
Table 2.

Figure 2. Al Applications in Different Areas of Water Management
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| Study | AIMethod ||  Water Application || Major Finding |
| Sit et al. (2020) || Deep Learning || Hydrology || Improved prediction accuracy |
| Essamlali et al. (2024) || Machine Learning || Water Quality Monitoring || Real-time monitoring |
| Jayaraman et al. (2024) || IoT + ML || Water Quality || Automated detection |
| Nagpal et al. (2024) || Al Optimization || Wastewater Treatment || Better treatment efficiency |
| Rashid et al. (2026) || Al Review || Water Resources || Emerging Al applications |

Table 2. Recent Al Applications in Water Management

5. The Regulatory and Funding Backdrop

Water technology adoption in 2026 cannot be separated from an unusually active regulatory and funding environment in
the United States, which is shaping investment decisions well beyond U.S. borders.

PFAS rulemaking is in flux, but funding continues [11]. In May 2026, the EPA proposed two significant rule changes:
one upholds the national drinking water standard for PFOA and PFOS while giving utilities an option to request up to two
additional years, until 2031, to reach compliance, and another would roll back drinking water regulations for several other PFAS
compounds, including GenX and a combined hazard index. Even as the rules themselves are debated, funding has kept flowing:
the agency has continued to highlight nearly $1 billion in new funding to states specifically to address PFAS in drinking water
alongside innovative treatment and destruction technologies. Officials have been explicit that a rules review is not automatically
a weakening of standards — EPA has stated that future standards could ultimately become more stringent if the scientific
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evidence supports tougher limits, and part of the stated goal of extending compliance timelines is to ensure smaller communities
are not left behind as national PFAS regulations expand.

Although the scale of the federal investment is unprecedented, the funding is not permanent. The Infrastructure Investment
and Jobs Act set aside an historic $55 billion for federal investment in water infrastructure, with a record $11.7 billion for the
Drinking Water State Revolving Fund, thanks to the IIJA. However, there is no assurance that funding will be provided at the
same level again. During budget reconciliation in late 2025, approximately $2.3 billion in unobligated IIJA water funds were
rescinded. The IIJA water provisions are scheduled to end in September 2026, and at the time of this writing, Congress has not
yet voted to continue them for fiscal year 2027. This poses a serious risk for planning. Infrastructure investment models that
comply with the IIJA are underestimating the risk that IIJA will not be renewed. However, the need for hundreds of billions of
dollars of new infrastructure will not change, regardless of funding decisions made by Congress.

There are multiple, concurrent, and rapidly changing regulatory requirements for the same utilities. For example, sector
analysts have noted that the 2024 PFAS drinking water rule, the 2024 Lead and Copper Rule Improvements, and the 2024
cybersecurity compliance mandates are rapidly converging, which creates three simultaneous capital expenditure demands for
the same community water systems. This forces the same municipal utility to be funding the removal of lead service lines, the
installation of PFAS treatment systems, and the fortification of operational technology systems against cyber intrusions and
attacks. This is forcing many utilities to consider automation.

Consolidation becomes the major financial reaction. Instead of individual upgrading, smaller water systems are acquiring
because of the burden effect. It is forecasted that by 2026 there will be more consolidation of water utilities because small
private entities will be buying out small water systems all over the country. Even larger companies will get involved. The private
equity understands that. Water utilities and wastewater utilities have been perceived as a long-term investment option for many
years because of the hundreds of billions of dollars infrastructure gap.

6. Risks and Open Questions
Putting more autonomy into water infrastructure — against this financial and regulatory backdrop — raises a distinct set
of concerns compared with agentic Al in general business software:

1. The impact of making the mistake is far more than the effect that comes about through the informational context [1]. While
the chatbot may make mistakes but will only cause the disruption of the workflow process, the mistake made by an agent in
misreading contamination signals or shutting down will be an interruption to the actual physical supply.

2. The aspect of auditability becomes increasingly important here [6]. As water is critical for people's health and regulated by
laws, the systems based on artificial intelligence should not only function correctly but also be transparent and auditable —
the thing which vendor of utility solutions already recognizes in their guidelines for 2026.

3. Funding is uncertain, which influences decisions regarding investments into automation. As there is a multibillion program
of federal support, subject to rescission and without reauthorization settled yet, the utilities considering long-term
investments into infrastructure have uncertainty whether the capital will be available to support such systems.

4. The deployment of automation is dependent upon infrastructure and regulatory burden [2]. The smart monitoring and
automated solutions are easily deployed in the new buildings and large well-funded utilities [7]. However, there are
disadvantaged utilities and communities which regulators fear could be left behind and which would still have to rely on
conventional infrastructure because of financial and technical constraints

5. Consolidation changes who controls the automation. As private equity and larger utilities acquire smaller water systems,
decisions about which Al platforms to deploy, and how much autonomy to grant them, increasingly sit with financial owners
rather than local public authorities — raising governance questions distinct from the technology itself.

6. Byproduct management is becoming its own problem [2]. As destruction technologies mature, treatment is starting to target
the concentrated waste streams left behind by earlier filtration methods, not just the original contaminants — a reminder that
solving one part of the water problem can simply relocate it rather than eliminate it. The challenges is shown in Fig.3 and
Table.3.

Figure 3. Challenges in Al Implementation for Smart Water Management
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| Challenge || Impact |
| Poor data quality || Reduces prediction accuracy |
| High implementation cost || Limits adoption |
| Cybersecurity threats || Infrastructure vulnerability |
| Explainability issues || Difficult regulatory approval |
| Funding uncertainty || Delayed deployment |
| Limited technical expertise || Slower implementation |
| Aging infrastructure || Integration challenges |

Table 3. Challenges of Al Implementation in Water Management

7. Conclusion

The water management of 2026 demonstrates, in practical and tangible terms, the same transformation that is underway

in the wider field of technology — namely, from information-gathering Al to decision-making Al. The reservoirs, treatment
plants, and household pipes themselves are developing into parts of a continuous sense-decision-action process, rather than a
regular monitoring and reporting system. All of this takes place in the context of great turbulence in regulation and finance —
the era of massive government investment made possible by historic levels of funding uncertainty, regulations on PFAS being
both tightened and rolled back, and the era of consolidation, changing ownership of utilities.

Given the increasing pressure caused by climate and infrastructure demands, whether or not the sector can combine

autonomy with accountability and extend the benefits of infrastructure driven by Al to utilities that can afford it will probably
determine which cities and utilities make it through the transformation successfully.
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