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Abstract

This review investigates the application of Artificial Intelligence (Al), deep learning (DL),
and the Internet of Things (IoT) in water resource management, focusing on distribution
optimization, demand prediction, and water quality enhancement. The study synthesizes
findings from 2015 to 2024, encompassing experimental and applied research published in
English or French in recognized scientific outlets. By analyzing the prevalent algorithms,
IoT technologies, and their impacts, this systematic review highlights research gaps and
proposes directions for future work. The results show significant advancements in pre-
dictive analytics and real-time monitoring through Al and the IoT. However, challenges
remain in scalability, interdisciplinary integration, and contextual adaptation.

Keywords: Artificial Intelligence; deep learning; IoT; water resource management; demand
prediction; water quality; systematic literature review

1. Introduction

Effective water resource management is critical in tackling some of the most pressing
global challenges, including water scarcity, rapid population growth, and the intensifying
effects of climate change. The rising demand for fresh water is placing unprecedented
stress on existing resources, making efficient management systems a necessity rather than
an option. Traditional methods of managing water systems often rely on static models and
manual processes that lack the adaptability required to meet evolving environmental and
societal needs. These approaches are increasingly proving to be inadequate in the face of
complex, dynamic variables such as unpredictable weather patterns, urbanization, and
varying consumption behaviors. In recent years, emerging technologies such as Artificial
Intelligence (Al), deep learning (DL), and the Internet of Things (IoT) have introduced new
opportunities to revolutionize water resource management. Al offers advanced predictive
capabilities, enabling water managers to forecast demand, optimize distribution networks,
and detect anomalies in real time. Deep learning, with its ability to process large-scale
datasets, supports sophisticated pattern recognition and decision-making processes, such
as identifying water quality trends and predicting future shortages. The IoT further am-
plifies these capabilities by integrating sensor networks and communication technologies,
enabling real-time monitoring and feedback loops across water systems. These technologies
collectively enable a shift from reactive to proactive management approaches [1].
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Despite these advancements, the application of Al, DL, and the IoT in water man-
agement is still in its early stages. Research to date has primarily focused on specific
applications such as optimizing irrigation systems, detecting leaks, and monitoring water
quality. While these studies demonstrate significant potential, challenges remain in scal-
ing these technologies, integrating interdisciplinary knowledge, and addressing regional
disparities in resource availability and technological infrastructure. This review aims to
consolidate existing research on the application of Al, DL, and the IoT in water resource
management, with a focus on optimizing distribution, predicting demand, and enhancing
water quality. By synthesizing insights from the literature, this study seeks to identify the
most prevalent technologies, evaluate their impacts, and highlight gaps in current research.
This comprehensive understanding will contribute to the development of more resilient
and efficient water management systems, supporting global efforts toward sustainable
resource use [2].

2. Method

This systematic review adopts a rigorous methodology to ensure a comprehensive
and unbiased analysis of the existing literature on the application of Artificial Intelligence
(AI), deep learning (DL), and the Internet of Things (IoT) in water resource management.
Following established guidelines for systematic literature reviews (SLRs), such as those
proposed by Kitchenham and the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) framework, this review employs a structured approach to
identify, evaluate, and synthesize relevant research findings. The methodological process is
outlined in several key steps to maintain transparency, repeatability, and reliability [1].

2.1. Research Questions
The review is structured around the following research questions:

RQ1:Which Al algorithms and IoT technologies are most used in water resource man-
agement? This question explores the specific tools and techniques being employed
to optimize water systems, including predictive analytics, sensor networks, and
automated controls.

RQ2: What impacts do these technologies have on optimizing water systems? This question
focuses on quantifying and qualifying the benefits, such as improved efficiency,
reduced waste, enhanced water quality, and better forecasting.

RQ3:What are the existing gaps in research? This question identifies areas that require
further investigation, such as scalability, integration challenges, and the applicability
of solutions in diverse geographic or socio-economic contexts.

2.2. Search Process

To ensure a comprehensive literature search, a systematic and reproducible strategy
was employed. Databases including Scopus, IEEE Xplore, SpringerLink, Web of Science,
and Google Scholar were searched for relevant articles. The search used a combination
of keywords such as “Artificial Intelligence”, “Deep Learning”, “IoT”, “Water Resource
Management”, “Demand Prediction”, and “Water Quality.” Boolean operators (e.g., AND,
OR) and advanced filters (e.g., date range, language) were applied to refine the results.
The search covered articles published between 2015 and 2024 to capture the most recent
developments in the field while excluding outdated studies. A manual review of reference
lists from key papers was also conducted to identify additional relevant studies that may

not have been captured in the initial search [3].
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2.3. Inclusion and Exclusion Criteria
2.3.1. Inclusion Criteria

- Articles published between 2015 and 2024.

- Studies focusing on the application of Al, DL, or the IoT in water distribution, demand
prediction, or water quality management.

- Articles written in English or French, peer-reviewed publications from recognized
journals, or conference proceedings.

- Experimental studies with real-world validations or applied case studies.

2.3.2. Exclusion Criteria

- Theoretical studies without experimental validation or case applications.
- Articles outside the scope of water resource management.

- Studies with insufficient data or inaccessible content.

- Publications in non-peer-reviewed outlets or gray literature.

2.4. Quality Assessment

Each selected study was evaluated using established quality assessment frameworks,
such as the DARE (Database of Abstracts of Reviews of Effects) criteria. The evaluation
ensured that inclusion and exclusion criteria were clearly defined and appropriate, the
literature searches were comprehensive and likely to have included all relevant studies,
the validity and reliability of the included studies were assessed, and sufficient detail was
provided for replication and understanding of the study’s outcomes [4].

2.5. Data Collection

Data were systematically extracted from the included studies using a predefined data
extraction form. Extracted information included study metadata (authors, year, publication
source), Al/IoT technologies and algorithms used, research objectives and scope, study
design, methods, outcomes, key findings and implications for water resource management,
identified limitations, and research gaps. A dual-reviewer approach was employed to
enhance accuracy, with one reviewer extracting data and a second reviewer verifying the
extracted information [5].

2.6. Data Analysis

The extracted data were synthesized using qualitative and quantitative methods to
identify patterns, trends, and research gaps. Studies were categorized based on their focus
areas, such as demand prediction, water quality monitoring, or distribution optimization.
Statistical analyses were performed where applicable to compare the effectiveness of
various technologies and approaches. The synthesis was structured to directly address the
research questions and highlight both the advancements and limitations in the field. Visual
aids, such as tables and charts, were used to present the findings clearly and concisely [6].

2.7. Deviations from Protocol

While this review adhered to established SLR protocols, minor deviations were neces-
sary to enhance the scope and relevance of the study. For instance, manual adjustments
were made to include papers addressing Al or the IoT indirectly related to water manage-
ment, ensuring comprehensive coverage. Some exclusion criteria were relaxed to consider
studies that provided significant theoretical insights despite lacking experimental valida-
tion. Additional sources, such as gray literature and technical reports, were reviewed in
cases where peer-reviewed literature was sparse on specific topics [7].
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3. Results
3.1. Search Results

Demand prediction (43%): Studies in this category emphasized Al-driven forecasting
models, including machine learning (ML). The search process involved a comprehensive
review of multiple academic databases, including Scopus, IEEE Xplore, SpringerLink, and
Web of Science. After applying the inclusion and exclusion criteria, a total of 312 studies
were initially identified. However, following the screening process—removal of dupli-
cate studies, abstracts that did not align with the research objectives, and studies lacking
experimental validation— the final dataset consisted of 85 relevant studies that met the
inclusion criteria [8]. Among these, there were 19 primary areas of research focus. Water
quality monitoring (35%): Research in this category, as shown in Figure 1, focuses on
real-time IoT-based water quality assessment, utilizing sensor networks and Al algorithms
to detect contaminants, analyze pH levels, and predict potential pollutants in freshwa-
ter sources. Distribution optimization (22%): These studies examined Al applications in
pipeline network efficiency, leakage detection, and water flow optimization through predic-
tive modeling and automation, aiming to reduce waste and improve supply reliability [9].
Techniques included artificial neural networks (ANNSs), support vector machines (SVMs),
and deep learning models that predict water demand based on climate patterns, population
growth, and seasonal variations. The geographical distribution of these studies showed
that a significant proportion originated from technologically advanced regions, such as
North America (25%), Europe (30%), and Asia (28%), while fewer studies were found in
Africa (7%) and South America (10%). This disparity highlights a potential gap in research
application and adoption in developing regions, which may be due to resource limitations
or infrastructure challenges.

Applications

Rain water management: 18 %
Water quality prediction: 27 %

Water management: 28 %

Irrigation control: 27 %

Bl water quality prediction [l Irrigation control [l Water management [l Rain water management

Figure 1. Various applications analyzed for the water management techniques [10].

3.2. Quality Evaluation of SLRs

To assess the quality of the selected studies, a systematic evaluation was conducted
based on established guidelines such as the DARE (Database of Abstracts of Reviews of
Effects) criteria. The quality scores of the studies ranged between 2.5 and 4.0 out of 4.0,
indicating an overall strong adherence to methodological rigor. Key observations from
the quality assessment included the following: Most studies provided well-documented
methodologies, including a clear description of the AI models, data sources, and validation
methods, and approximately 65% of studies explicitly addressed the limitations of their find-
ings, enhancing the transparency of their conclusions. However, fewer than 40% of studies
performed a comprehensive assessment of the quality of their primary datasets, leading to
concerns about possible biases in data selection and interpretation. Higher-quality studies
tended to have peer-reviewed experimental validations, while lower-scoring studies often
lacked detailed methodological descriptions or failed to justify the generalizability of their
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findings [8]. The studies that achieved the highest quality scores were those that did
the following:

- Referenced established Al and IoT guidelines, ensuring methodological reliability;

- Incorporated interdisciplinary research, particularly involving hydrology, environ-
mental science, and Al

- Utilized robust validation techniques, including cross-validation, real-world case
studies, and sensitivity analyses.

Conversely, studies with lower scores exhibited the following:

- Limited dataset validation, leading to potential biases in model predictions;

- Alack of scalability considerations, making it difficult to generalize findings to large-
scale water management systems;

- Minimal cross-sector collaboration, reducing the applicability of Al-driven solutions
across different regulatory and environmental conditions.

4. Discussion
4.1. What Research Topics Are Being Addressed?

The reviewed studies highlight two main domains where Al, DL, and the IoT are
being applied in water resource management:

1.  Predictive Demand Forecasting:

- Machine learning models, including time series forecasting, regression models,
and reinforcement learning techniques, are extensively used to predict water
consumption patterns.

- Studies suggest that integrating climate data, population density, and economic
trends into Al models significantly improves prediction accuracy.

2. Real-Time Monitoring for Water Quality:

- IoT-enabled smart sensors are being used to detect real-time fluctuations in water
quality, with Al models predicting potential contaminations.

- Cloud-based data processing and edge computing are being increasingly adopted
to enhance the responsiveness of these monitoring systems.

- Studies in this area focus on minimizing water loss through leakage detection
algorithms, pressure optimization models, and smart distribution systems that
allocate water resources based on predictive analytics.

- Emerging research is exploring the potential of autonomous control systems that
leverage reinforcement learning to dynamically adjust water flow and distribu-
tion based on demand forecasts.

Despite these advancements, significant gaps remain in ensuring that these technolo-
gies are accessible, scalable, and adaptable to varying geographical and economic contexts.

4.2. What Are the Limitations of Current Research?
Scalability Issues:

- Many Al models are designed and validated on small-scale pilot studies but lack
real-world deployment at municipal or national levels.

- Computational demands and infrastructure costs may hinder widespread adoption in
low-resource regions.

Limited Interdisciplinary Integration:

- Al-driven water management requires collaboration between computer scientists,
hydrologists, engineers, and policymakers, but many studies operate in silos.
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This lack of integration may result in technically sophisticated models that do not
fully align with real-world hydrological constraints.

Geographical and Socio-Economic Constraints:

Most case studies originate from regions with well-developed water infrastructure,
leaving significant gaps in understanding Al’s impact in developing countries.

The absence of localized datasets for Al training reduces the generalizability of models
to different climatic and socio-economic conditions.

4.3. Limitations of This Study

Although this review followed a structured approach, certain limitations must be

acknowledged:

Language Bias: Studies were limited to English and French publications, potentially
excluding relevant research from other linguistic regions.

Database Scope: While major academic databases were consulted, some industry and
government reports may not have been included.

Manual Adjustments: Certain manual refinements in the inclusion criteria might have
inadvertently introduced bias in the study selection process.

Future reviews could benefit from expanding the search to include gray literature,

government reports, and research in multiple languages.

4.4. Table: Al and loT Applications in Water Resource Management

Al and IoT are transforming water resource management by enabling real-time mon-

itoring, leak detection, and data-driven decision-making. These technologies improve

efficiency in irrigation, pollution control, and drought prediction, ensuring sustainable

water use. The Table 1 below highlights Al technics, IoT technologies and Keys in a different

application area.

Table 1. Al and IoT applications in water resource management.

Application Area Al Technics Used IoT Technologies Key Benefits Challf: nges.and
Considerations
Demand Machine learning (ML), Smart Meters, Improved accuracy in ]?1élteadf}1;:i§y}l€_(>rllfiri?5,
Prediction deep learning (DL) Cloud Computing water usage forecasts da tagetsq y
Water Quality Computer Vision, IoT Sensors, corlftee;lari;itg:gon Sensor maintenance, high
Monitoring Anomaly Detection Edge Computing . deployment costs
detection
Distribution Reinforcement Learning, Automated Valves, Reduced water loss, Infrastructure integration
Optimization Predictive Analytics Pressure Sensors optimized supply challenges
- Convolutional Satellite Imaging, Rainfall Early warning systems, Model uncertainty,
Flood(I:’(:leItti::flon & Neural Networks (CNNs), Sensors, IoT improved disaster dependency on
Hybrid AI Models Weather Stations response climate data
Fuzzy Logic, Support - .
Irrigation Vector Machines (SVMs), IoT Soil Moisture Sensors, ffﬁgﬁ?;:gaitg i(s)iler;l Adoption barriers in
Management Al-based Decision Smart Irrigation Systems & T lp developing regions
Systems crop yield
Al-based Forecasting Underground IoT Sensors, oun. dwaiitzirnserva tion High initial setup costs,
Groundwater Monitoring Models, Hydrological Remote Sensing & reduced ! long-term monitoring

Al Simulations

Technologies

over-extraction

needs

Wastewater Treatment

Al-Driven Process Control,
deep learning for

Smart Monitoring
Systems, IoT-Based pH

Improved treatment
efficiency, real-time

Complex system
calibration, energy

Anomaly Detection Sensors anomaly alerts consumption
Smart City Multi-Agent Al . . Holistic urban water Coordination between Al
. Smart City Water Grids, s
Water Systems, Reinforcement optimization, reduced models and
IoT-Enabled Data Lakes

Management

Learning

consumption

city infrastructure
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4.5. Critical Analysis of Table 1: Al and IoT Applications in Water Management

This table effectively categorizes various Al techniques and IoT technologies applied
to different aspects of water management, offering a structured approach to understanding
their benefits and challenges. It highlights the practical advantages of Al-driven solutions,
such as improved accuracy in demand prediction, real-time monitoring of water quality,
and efficient resource allocation in irrigation systems. Additionally, the table showcases a
broad range of Al methods, from machine learning and deep learning to fuzzy logic and
reinforcement learning, demonstrating their versatility across different applications [11,12].
However, one of its weaknesses lies in its generalized challenge descriptions—while con-
cerns like data privacy, infrastructure integration, and sensor maintenance are valid, they
lack depth in terms of regulatory, ethical, and cost-related considerations. For example,
“high initial setup costs” is mentioned multiple times but does not discuss potential long-
term cost savings from Al-driven efficiency improvements. Similarly, multi-agent Al
coordination in smart city water management is acknowledged but not elaborated upon,
despite being a significant hurdle in real-world implementation [13]. The table could also
benefit from addressing data reliability issues, as many Al techniques, especially deep
learning, require high-quality, diverse datasets that may not always be available. Overall,
while the table provides a strong overview of Al and IoT integration in water manage-
ment, it could be improved by offering more specific insights into data challenges, ethical
concerns, and real-world deployment constraints [14].

4.6. Comparison of Al Algorithms in Water Resource Management

Al algorithms play a crucial role in optimizing water resource management through
predictive modeling, anomaly detection, and decision support. Different machine learning
and deep learning techniques offer varying strengths in accuracy, efficiency, and scalability.
This Table 2 compares key Al algorithms and their applications in water management tasks.

Table 2. Comparison of Al algorithms in water resource management.

Algorithm

Strengths Limitations

Artificial Neural Networks (

ANNS) High prediction accuracy Computationally expensive

Support Vector Machines (SVMs)

Good for small datasets

Limited scalability

Reinforcement Learning

Adaptive and self-learning

Requires large datasets

Support Vector Machines (SVMs)

Good for small datasets,
robust in high-dimensional spaces

Limited scalability, sensitive to
noise in data

Reinforcement Learning (RL)

Adaptive and self-learning, performs
well in dynamic environments

Requires large datasets, long training
times

Decision Trees and Random Forests

Easy to interpret, fast training times

Prone to overfitting with small datasets

Convolutional Neural Networks (CNNs)

excellent for image-based analysis, good
feature extraction

High computational cost, data-intensive

Long Short-Term Memory (LSTM)
Networks

Effective for time-series
forecasting, remembers
long-term dependencies

Computationally expensive, requires
high processing power

K-Nearest Neighbors (KNN)

Simple, effective for small
datasets, non-parametric

Not scalable for large datasets, slow for
high dimensions

Fuzzy Logic Systems

Handles uncertainty well, good for
rule-based
decision_making

Requires domain expertise
for rule formulation
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4.7. Critical Analysis of Table 2: Comparative Analysis of Al Algorithms

The second table provides a concise yet informative comparison of various Al algo-
rithms, highlighting their strengths and limitations. It effectively categorizes algorithms
based on their predictive power, adaptability, and computational efficiency, making it a
useful reference for selecting the right AI model for specific applications [15]. For example,
it correctly emphasizes that artificial neural networks (ANNs) and convolutional neural
networks (CNNs) offer high accuracy but are computationally expensive, which is a crucial
consideration for real-time Al deployment. Similarly, it notes that decision trees and ran-
dom forests are easy to interpret but prone to overfitting with small datasets. However,
the table has some redundancies, as support vector machines (SVMs) and reinforcement
learning (RL) are listed twice, which affects clarity and structure. Another limitation is its
lack of contextual application insights—for instance, while LSTMs are recognized for time-
series forecasting, the table does not specify their relevance in fields like weather prediction,
stock market analysis, or water demand forecasting. Additionally, some limitations, such
as “computationally expensive”, are overly broad and could be further broken down into
training costs vs. inference costs, as training a deep learning model is resource-intensive,
but inference can often be optimized. Furthermore, scalability issues for certain algorithms
(e.g., KNN’s inefficiency in high-dimensional spaces) could be elaborated upon with poten-
tial mitigation strategies. While the table does a good job summarizing key Al techniques, it
would benefit from refining its structure, reducing redundancies, and providing real-world
use cases to make it more informative and practical.

4.8. Integrated Al, DL, and IoT Framework for Smart Water Resource Management

In the context of optimal water resource management, the integration of Artificial
Intelligence (Al), deep learning (DL), and the Internet of Things (IoT) establishes a smart,
adaptive system that is capable of addressing the complexities of water distribution, con-
servation, and sustainability. IoT devices—including sensors, smart meters, drones, and
weather stations—are deployed across urban and rural infrastructures to continuously
monitor variables such as water quality, flow rates, soil moisture, precipitation, and con-
sumption patterns [16]. These massive, heterogeneous data streams are transmitted in
real time and processed by Al algorithms that can identify inefficiencies, predict shortages
or surpluses, and support timely, data-driven decisions. Deep learning, a subset of Al,
plays a critical role by enabling advanced pattern recognition and predictive modeling,
particularly with large-scale, unstructured data like satellite imagery, hydrological records,
and sensor-generated time-series data. DL models, such as convolutional and recurrent
neural networks, can forecast weather events, detect hidden leakage patterns, or estimate
groundwater availability with high accuracy. By creating a closed-loop system, where
real-time data informs dynamic decision-making and immediate actions, this technologi-
cal synergy not only enhances operational efficiency but also promotes long-term water
sustainability and resilience to climate variability [17].

5. Conclusions

The integration of Artificial Intelligence (Al), deep learning (DL), and the Internet of
Things (IoT) into water resource management presents significant opportunities for en-
hancing efficiency, accuracy, and sustainability. This systematic review identified key areas
where these technologies are making an impact, including demand prediction, water quality
monitoring, and distribution optimization. The findings indicate that Al-driven predictive
analytics can significantly improve decision-making processes, while IoT-enabled monitor-
ing systems enhance real-time responses to water-related challenges [10]. Despite these
advancements, challenges remain. The scalability of Al models limited interdisciplinary
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collaboration, and insufficient validation across diverse geographic and socio-economic set-
tings hinders the widespread adoption of these technologies. Addressing these challenges
requires cross-sector collaboration, increased investment in real-world applications, and
the development of localized Al models that cater to regional water management needs.
This study identifies key fertile niches in Al-driven water resource management, such as
real-time anomaly detection and dynamic water allocation. A metric-based evaluation
reveals that Al-enhanced systems reduce water loss by an average of 25% and improve
forecasting accuracy by up to 40% compared to traditional models. These findings highlight
the importance of integrating Al with the IoT to enhance resilience and sustainability in
water management [10].

Future Directions

Future directions include developing scalable Al frameworks that can be deployed
at municipal and national levels, encouraging interdisciplinary collaboration between Al
researchers, water resource engineers, and policymakers, expanding Al model validation
to include a broader range of climatic and socio-economic conditions, and integrating
low-cost IoT solutions to enhance accessibility in water-scarce and low-resource regions.

By addressing these gaps, Al and IoT technologies can contribute significantly to
achieving sustainable and efficient water resource management globally.
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