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Abstract

This paper reviews contemporary developments in systems analysis applied to water
resources and agricultural management, highlighting the growing influence of artificial
intelligence (AI) and machine learning (ML). The literature in this field encompasses a
wide range of approaches, methods, and applications, including hydrological simulation
models, decision-support systems, and participatory governance frameworks. In recent
years, increasing attention has been devoted to systematically reviewing and categorizing
these approaches, particularly in light of rapid advances in Al- and ML-based technologies.
The present study focuses on the contributions and impacts of AI and ML on systems
analysis methodologies compared with the state of the field approximately a decade ago.
By revisiting and classifying key groups of approaches, methods, and software tools, the
paper provides an updated overview of the current status of systems analysis in water
resources and irrigation management. This overview also serves as a reference framework
for assessing future methodological and technological developments. Adopting a systems-
thinking perspective, the review spans multiple spatial and management scales, from plot-
level irrigation practices to river-basin water allocation. The paper aims to support a more
holistic understanding and improved design and evaluation of water—agriculture systems,
while also strengthening policy support for sustainable resource management. Finally,
it highlights the need for continued interdisciplinary integration, enhanced stakeholder
participation, and the development of operational tools capable of translating complex
systems insights into actionable water management strategies in the emerging context
shaped by Al and ML.

Keywords: systems analysis; models and tools; water resources; irrigation; management;
artificial intelligence; machine learning

1. Introduction

Water resources and agriculture management involve complex interactions among
hydrological, environmental, economic, and social components, often characterized by
uncertainty, nonlinearity, and competing objectives. Traditional sectoral approaches and
single-purpose models are frequently insufficient to capture these dynamics, creating a
need for integrated systems analysis that combines modeling, data, and decision-support
frameworks across scales, from watershed processes to farm-level irrigation decisions.

Since the previous review [1] was published, nearly a decade ago, the field has under-
gone a substantial transformation driven by rapid advances in artificial intelligence (AI),
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machine learning (ML), and deep learning, alongside the expansion of information and
communication technologies. Classical systems analysis methods—deterministic, stochas-
tic, and optimization-based—have been significantly extended through their interaction
with intelligent models, leading to hybrid, adaptive, and data-driven approaches. At the
same time, enabling technologies such as Big Data platforms, the Internet of Things (IoT),
remote sensing, digital twins, and cloud computing have made continuous data acquisition,
processing, and near real-time analysis feasible.

These developments have led to notable improvements in the planning, design, and
management of water and agricultural systems. In particular, decision-making under
uncertainty has been enhanced in areas such as risk management (floods, droughts, climate
variability), efficient allocation and use of water resources, and support for sustainable and
precision agriculture [2-8].

Systems analysis plays a central role by integrating ecological, economic, social, and
technological dimensions, while bridging hard (quantitative, model-based) and soft (par-
ticipatory, institutional) approaches, including stakeholder engagement and adaptive
governance. It also supports cross-sector perspectives such as the water-energy—food
nexus, where interdependencies require coordinated modeling and policy analysis.

In recent years, Large Language Model-based Multi-Agent (LLM-MA) systems have
shown significant potential to manage complex tasks through coordinated, specialized
agents [9]. In water engineering, they can enhance data integration, monitoring, and
decision-making, supporting applications such as groundwater monitoring, irrigation
scheduling, reservoir management, and post-disaster response. Combining strong linguistic
capabilities with a modular, scalable, and collaborative architecture, LLM-MA systems
provide a robust framework for exploring intelligent agents that enable timely, adaptive,
and traceable solutions. A key concept is the use of negotiating agents to achieve balanced
outcomes across competing objectives.

Against this background, this paper reviews contemporary methods, techniques, and
software tools for comprehensive water resources systems analysis with a certain empha-
sis on agricultural applications. We aim to (i) organize and cluster existing approaches,
(ii) examine their methodological foundations and evolution, and (iii) analyze their integra-
tion with emerging AI/ML techniques and related digital technologies.

The main contribution of this paper is a structured synthesis that connects established
systems analysis frameworks with recent technological advances, highlighting pathways for
hybridization, interoperability, and practical implementation. By consolidating dispersed
knowledge and emphasizing integration across models, data, and decision processes, the
review aims to support more effective, adaptive, and scalable solutions for water resources
and agricultural management.

In the remainder of the paper, a review of relevant contemporary literature is given,
illustrating where and how artificial intelligence and machine learning methods are applied
in the fields of water resources management and agriculture. In most of the below-cited
references, fundamental and reference terminological definitions are given, as well as extensive
discussion on Al and ML advantages, limitations, and directions for future development.

2. Brief Review of Contemporary Literature

The development of artificial intelligence and machine learning has gained significant
momentum, largely due to advances in hardware in the field of computing. Today, Al and
ML are widely accessible from a software perspective thanks to high-end graphics cards
in personal computers, as well as the development of specialized processors such as GPU
accelerators, TPU units, and modern multi-core CPU processors.
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In addition, high-performance servers in data centers play a significant role, along
with parallel processing systems, large amounts of fast RAM, and advanced SSD and NVMe
storage systems that enable the processing of massive datasets. The development of cloud
infrastructure, distributed computing, and specialized Al chips has further accelerated the
application of artificial intelligence in various fields. Furthermore, edge devices, embedded
systems, and mobile processors with Al accelerators are playing an increasingly important
role, enabling machine learning models to run directly on devices such as smartphones,
IoT devices, and autonomous systems.

Recent advancements in Al technologies have resulted in a growing number of ap-
plications of Al-supported systems analysis techniques and tools in various sectors of
water resources management and agriculture. Al’s role in operations related to water
supply, hydropower generation, and applications relevant to the sediment transport and
management, agriculture and irrigation, as well as its contribution to the water—energy—
food nexus, is discussed at different levels of detail in [10-15]. Worth mentioning is that
the water—energy—food nexus model is constructed using various optimization methods,
providing quantitative decision support for water resource management in irrigation areas
under complex interconnected systems.

A comprehensive review of Al applications in water resources management is also
given in a recently published document by UNESCO, ‘Applications of Al for Water Manage-
ment’ [16]. The authors suggest that Al is revolutionizing water management by enabling
more efficient and sustainable use of this critical resource by analyzing vast amounts of
data for weather forecasts, gauging stations, satellite imagery, and sensors, optimizing
water distribution and usage, and controlling the quality of water. Recently published
studies describe Al-driven models for predicting the water needs of users, allowing dam
operators at surface reservoirs to allocate water resources more optimally. Additionally, Al
can help detect leaks in urban water systems by analyzing pressure and flow data in real
time, enabling faster repairs and reducing water loss.

As reported in a study by Bi et al. [17], recent developments have shown that neural
network systems, which are the fundamental pillar of Al can efficiently exploit global data
and outperform short- and medium-term classical meteorological forecasting systems.

As a branch of Al, machine learning (ML), and particularly its subfield deep learning
(DL), demonstrated revolutionary performance in areas such as computer vision [18],
natural language processing [19], and gaming [20,21]. These developments have increased
the momentum of ML applications in non-native fields, such as earth and environmental
sciences, where knowledge-based modeling has dominated to date. As stated in a study by
Razavi et al. [22], the number of ML-related presentations at the American Geophysical
Union’s Fall Meetings has increased from 0.2% in 2015 to >4% in 2020 and was as high as
28%, 9%, and 7.5% in the non-linear geophysics, natural hazards, and hydrology sections,
respectively. In addition, it is claimed that ML is believed to provide processes and systems
in EES with new and fertile research horizons, leveraging the boom in computational power,
‘big data’ sets, and novel sensing technologies (see also Reichstein et al. [23]).

According to Sit et al. [10], there is substantial growth of the volume, variety, and
velocity of water-related data in research and practice [24-27]. Modern data-collection
techniques, including satellite hydrology, Internet of Things for on-site measurements [28],
and crowd-sourcing tools [29], have revolutionized the water science and industry as
approached by the government, academia, and private sector [30].

In the hydrological domain, multivariate analysis relying on extensive and semanti-
cally connected data resources is required to generate actionable knowledge and produce
realistic and beneficial solutions to water challenges faced by communities [31,32]. How-
ever, the inaccessible, unstructured, nonstandardized, and incompatible nature of the
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data makes optimized data models [33] and smarter analytics approaches a necessity [34].
Sermet and Demir (2018) [29,34] introduced an intelligent system called Flood Al, devel-
oped to enhance societal preparedness for flooding. The system functions as a knowledge
engine that integrates voice recognition, artificial intelligence, and natural language pro-
cessing, built upon a generalized disaster ontology with a primary emphasis on floods.
By employing a flood-specific ontology, the knowledge engine connects user inputs to
relevant knowledge sources and discovery channels. It incorporates a comprehensive data
acquisition and processing framework that utilizes environmental observations, forecast
models, and established knowledge bases. The framework communicates through multiple
platforms, including web-based systems, agent-based chatbots, smartphone applications,
automated web workflows, and smart home devices. These diverse communication chan-
nels expand access to flood-related knowledge and enable a wide range of practical uses.

Razavi et al. [22] note that machine learning (ML) applications in earth and environ-
mental sciences have expanded rapidly in recent years. Despite this growth, ML devel-
opments have largely progressed in isolation from traditional mechanistic, process-based
modeling (PBM), which has long served as the foundation for scientific understanding and
policy support. The authors advocate for a ‘co-evolutionary” approach to model develop-
ment, moving from a culture of borrowing to one of co-creation. This approach aims to
produce a new generation of models that harness the strengths of ML, such as scalability to
large datasets and high-dimensional mapping, while remaining grounded in process-based
knowledge and adhering to principles of explainability, interpretability, and falsifiability.

Similarly, Ghobadi and Kang [12] provide a comprehensive overview of the fundamen-
tal concepts, key applications, and ongoing challenges of ML, particularly in the context of
water resources management (WRM). They review core ML applications, including predic-
tion, clustering, and reinforcement learning, and highlight emerging research directions
and trends. In the second part of their study, they focus on the relatively underexplored
domain of WRM, identifying gaps and outlining opportunities for future research. The
authors suggest that the expanding use of ML tools is likely to play a significant role in
advancing sustainable water management strategies in the coming decade.

Zhang et al. [35] predict the next hour’s wastewater inflow for the wastewater treat-
ment plant, which is to identify which parts of the sewer system have more free space and
take action based on the outcome. LSTM, NARX, and Elman neural networks are compared,
and it was found that the LSTM model provides better results than other methods based
on the results.

Karimi et al. [36] proposed an LSTM model to forecast flow in sanitary sewer systems.
It is claimed that accepting the groundwater as an additional input for the LSTM model
increases the overall accuracy of the task.

3. Systems Analysis in Water Resources and Irrigation Management

The concept and role of systems analysis in water resources management were for-
mally established in the 1970s. Initially viewed as a methodological novelty in water
planning, systems analysis has since evolved into a mature, multidisciplinary framework
encompassing mathematical, computational, and decision-support techniques for plan-
ning, design, and management. Although early system-oriented literature emphasized the
importance of formal optimization (e.g., [3,4]), practical applications historically relied on
these methods far less than theoretically expected.

Limited early adoption of optimization stemmed from institutional resistance, model-
ing challenges, and the weak sensitivity of many real-world water systems to changes in
configuration, uncertainty, or economic parameters. These barriers were compounded by
restricted access to computing resources, as advanced computational tools became widely
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available only with the rise in personal computing in the 1980s. As a result, simulation-
based approaches emerged as the dominant paradigm and remain so today largely because
they avoid explicit formulations of objective functions and allow for intuitive scenario-
based explorations of system behavior.

Contemporary systems analysis increasingly combines simulation with optimization,
heuristics, and meta-heuristics within integrated decision support systems (DSS). These
hybrid platforms offer a pragmatic balance between mathematical rigor and usability,
embedding optimization components within transparent simulation frameworks. Typi-
cal examples include network-based reservoir and water-supply models using linear or
mixed-integer programming supported by user-oriented interfaces, statistical tools, and
visualization capabilities.

In irrigation systems, systems analysis enables the coordination of water allocation,
conveyance, and on-farm application to improve efficiency and reliability under variable
climatic and demand conditions. Traditional deterministic and optimization models are
increasingly complemented by stochastic approaches to account for uncertainty in water
availability, crop water requirements, and farmer behavior. This integration is particularly
important in regions facing water scarcity, where trade-offs between agricultural productiv-
ity, environmental protection, and energy consumption must be carefully balanced.

In recent years, artificial intelligence and machine learning have further transformed
systems analysis by enabling data-driven modeling, adaptive control, and improved han-
dling of uncertainty. When integrated with physics-based models, Al supports hybrid
and digital-twin approaches capable of real-time monitoring, forecasting, and operational
optimization. Advances in sensors, remote sensing, IoT platforms, and cloud computing
have accelerated this shift, extending systems analysis from strategic planning toward
dynamic and near-real-time decision support.

While many large water systems, particularly in developed countries, have evolved
without centralized planning or formal optimization, often due to historically abundant
water resources and established institutional practices, systems analysis has proven valu-
able across diverse contexts. In Serbia, for example, despite institutional and economic
constraints, mathematical models and automated control concepts have been applied since
the early 1970s in the planning and management of irrigation and regional water-supply
systems in major river basins, including the Morava, Drina, and Danube. These experiences
confirm the broad relevance of systems analysis across regions and scales. Building on such
foundations, the following section reviews key computerized systems analysis methods,
with particular emphasis on Al-enhanced approaches and their evolving role in water
management and agriculture.

4. Techniques of Systems Analysis

Modern modeling within the framework of systems analysis requires a solid founda-
tion in mathematics, knowledge of numerical techniques, and, to some extent, expertise in
computer programming in procedural or object-oriented languages. Thanks to powerful
computing platforms in the early 1980s, which led to significant advances in data process-
ing through the development of database concepts, software for designing and managing
databases (Database Management Systems-DBMSs) came into use. More recently, thanks to
the Internet, numerous software environments and distributed client-server applications
have emerged, and work on internet platforms (e.g., cloud computing) is being developed.

New standards for modeling dynamic processes and phenomena in different sectors
and types of activities were accompanied by new techniques and technologies in com-
puter environments on various hardware and software platforms. Among the computer-
implemented models, some of the important categories include: real-time simulation
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systems, virtual multi-agent applications, heuristic procedures for solving NP-hard prob-
lems, stochastic evolutionary searchers, and data-mining algorithms that intelligently sort,
organize, or group large amounts of data and extract relevant information for specific needs.
Numerical procedures have been improved in terms of implementation and accuracy due
to the precision of computers. It is well known that the computer’s machine word is
extended every 5-6 years, that the speed of the fastest machines is measured in peta-flops
(105 operations per second), and parallel processing is carried out with tens of thousands
of connected processors.

According to [8], ‘Thanks to these facts, systems analysis is a powerful discipline as
it combines methods, methodologies, and technologies from different domains, involves
interdisciplinary, and is not limited to analysis alone, but also offers solutions through
decision-making processes in multi-criteria environments, in individual and group sit-
uations, and with reliable and unreliable information. Numerics, iterative procedures,
approximate calculations, suboptimization, compromise solutions, and numerous algo-
rithms are integral elements of systems analysis.” A possible classification of techniques
that together constitute the so-called system-analytical approach to problems of water and
agricultural resources is shown in Figure 1.

~ 1. Analytical Optimization Models & Techniques /){ L
| L Linear, Integer, Monlinear Programming, Goal Programming Lll‘?_b y
| 2. Probabilistic Methods & Techniques [7The _— Dn

’— L Probability, Bayes, Markow Models, Decision Tress -ri & LB®

Syste ms l 3, Statistical Techniques [ @‘%‘-
r Hypothesis Testing, Regression, ANOVA, Data Analysis pewiT

- |

Ana |v5Is - 4. Simulation, Forecasting & Modeling E@Eﬁa
‘-—|-' | | Discrete-£vent, Monte Carlo, System Dynamics s ®

e B .
%Qﬂﬁ i“ 5 Heuristic & Metaheuristic Techniques e -_:;F@

1 Il";:; ‘ L Greedy, Genetic Algorithms, Tabu Search, Simulated Annealing jﬁ'@
.. G, DecisionSupport Techniques Efl/%]

L AHP, TOPSIS, Cost-Benefit Analysis, D55 Tools = %— v
7. Other (Supportive) Techniques = POy

L Sensitivity Analysis, Risk Analysis, Queueing Theory, DEA .e.'-’?\f‘

Figure 1. Systems analysis techniques. (Figure generated by the Al tool Gemini 3).

Remark: The classification criteria used to structure Groups 1-7 are based on a combi-
nation of the primary methodological paradigm (e.g., analytical, simulation-based, heuristic,
decision-support), the type of problem addressed (deterministic vs. stochastic, static vs. dy-
namic, single vs. multi-criteria), and the functional role within the decision-making process
(model formulation, solution generation, evaluation, or support). By introducing these di-
mensions, the classification is grounded in well-established methodological distinctions. We
acknowledge that strictly disjointed boundaries are neither realistic nor desirable in contem-
porary systems analysis. Many modern approaches, particularly hybrid and Al-supported
methods, span multiple categories. Therefore, the proposed groups should be interpreted as
dominant methodological domains, rather than mutually exclusive classes. Typical overlaps
(e.g., metaheuristics supporting classical optimization, simulation coupled with decision-
support tools) thereby increase transparency instead of forcing artificial separation.

We emphasize that the intention of the presented classification is not to impose a rigid
taxonomy, but to provide a structured yet flexible framework that reflects the evolving,
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hybrid nature of systems analysis, particularly in the context of integration with AI/ML
and decision-support environments.

As is to be expected, the explanations and corrections given in further elaborations
improve the clarity, justification, and persuasive strength of the proposed classification.

Group 1: Optimization Methods and Techniques

This group covers a broad set of applied mathematical methods, including differential
and integral calculus, matrix methods, and a wide range of deterministic and stochastic al-
gorithms. It also spans major classes of mathematical optimization, such as linear, quadratic,
and integer programming, along with dynamic, goal, and geometric programming. Closely
related areas such as control theory, game theory, and decision analysis are also included.

Network-based methods, including CPM and PERT, and optimization techniques
that model technical problems as networks, are an important part of this group. Typical
applications include transportation and flow problems in open and closed networks, with
or without losses, under deterministic or stochastic assumptions, and in both static and
adaptive settings.

In practice, Linear Programming (LP) and dynamic programming (DP) are the most
widely used techniques. LP is especially popular because of its conceptual simplicity:
problems are defined through constraints, conditions, and an objective function, regardless
of whether the underlying space is two-, three-, or higher-dimensional. Its adoption is
further driven by the availability of mature, standardized software across platforms. These
include web-based tools (such as LINDO), commercial modeling environments like GAMS,
which integrates licensed solvers such as CPLEX, GUROBI, MOSEK, and XPRESS, as well
as open-source options like CBC, and a wide range of standalone solver packages.

Another widely used LP environment is Frontline Solvers, which offers a basic solver
integrated with Excel and a Premium Solver Platform capable of handling much larger
problems (up to roughly 8000 variables, about 40 times the scale of the standard Ex-
cel solver). Additional extensions integrate high-performance solvers such as GUROBI,
MOSEK, XPRESS, and LSLP, enabling the solution of problems with very large numbers of
variables and constraints. These tools, along with standard LP packages, can also handle
mixed-integer programming (MIP) efficiently on modern 32- and 64-bit personal computers,
with performance varying by problem size and solver choice.

Dynamic programming is most commonly used for sequential decision-making prob-
lems, as it produces a complete optimal control policy over a range of input variables rather
than a single optimal solution for one data sequence. Because of this, DP is particularly
well-suited to dynamic systems. Numerous variants exist, including discrete, continuous
(differential), stochastic, and approximate dynamic programming methods.

More recently, these classical optimization and network methods have become tightly
integrated with artificial intelligence and machine learning applications. Mathematical
programming and network models are now routinely embedded within Al-driven systems
for planning, scheduling, resource allocation, and real-time decision support. Examples
include reinforcement learning, where dynamic programming concepts underpin value
functions and policy optimization; hybrid approaches that combine machine learning with
LP or MIP to learn model parameters or constraints from data; and large-scale optimization
engines used in logistics, energy systems, telecommunications, and autonomous systems.

Al applications also increasingly rely on network optimization and graph-based
models for tasks such as supply-chain coordination, traffic management, social and in-
formation network analysis, and explainable decision-making. Advances in computing
power, cloud-based solvers, and open-source optimization libraries have further acceler-
ated the convergence of optimization and Al, enabling adaptive, data-driven systems that
continuously update decisions in response to uncertainty and changing environments.
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In modern Al systems, these optimization and network techniques are implemented
through a growing ecosystem of specialized platforms and hybrid tool chains. Representa-
tive examples include:

e Google OR-Tools: An open-source optimization suite widely used for routing, schedul-
ing, and assignment problems, integrating LP, MIP, constraint programming, and
graph algorithms; commonly embedded in Al-driven logistics and planning systems.

e [BM ILOG CPLEX Optimization Studio: A commercial-grade platform combining
CPLEX and CP Optimizer, frequently used in large-scale industrial Al applications
such as airline scheduling, manufacturing, and supply-chain optimization.

o  Gurobi Optimizer: A high-performance solver with Python, MATLAB, and cloud
integrations, often paired with machine learning frameworks for hybrid predictive-
prescriptive analytics.

e  Pyomo: A Python-based open-source optimization modeling language that integrates
naturally with data science and Al workflows, enabling optimization models to be
driven by machine learning outputs.

e  AMPL: A widely used algebraic modeling language with interfaces to both commercial
and open-source solvers, commonly applied in research and large-scale decision-
support systems.

o  Ray RLIib and OpenAl Gym-style environments: Platforms for reinforcement learn-
ing where dynamic programming and optimal control concepts are combined with
simulation-based learning.

o TensorFlow and PyTorch (hybrid optimization use): Deep learning frameworks increasingly
coupled with mathematical programming and differentiable optimization layers for
end-to-end decision models.

o Cloud-based optimization services: Platforms offered by major cloud providers that
enable scalable, on-demand optimization and Al-driven decision support for large,
data-intensive systems.

These platforms support the convergence of optimization, machine learning, and
network modeling, enabling Al systems that combine data-driven learning with explicit
constraints, interpretability, and performance guarantees.

Overall, network theory, mathematical programming, and dynamic optimization
techniques are expected to play an increasingly central role in applied systems analysis,
both as standalone decision-support tools and as core components of modern Al-enabled
systems for evaluating alternatives, analyzing management strategies, and solving complex
allocation problems.

Group 2: Probabilistic Models and Techniques

In water resources systems analysis, probabilistic approaches play a crucial role be-
cause many hydrological and hydraulic variables exhibit significant variability and uncer-
tainty in both space and time. Typical variables are precipitation, streamflow, groundwater
recharge, evaporation, and irrigation water demand. The uncertainties stem from natural
climate variability, limited data availability, evolving cropping patterns, and an incomplete
understanding of underlying processes. Probabilistic models provide a formal framework
for representing such uncertainties, for example, through probability distributions of floods
and droughts, stochastic rainfall generators, and random variables describing irrigation
demands and potential supply deficits.

Probabilistic techniques are widely applied in flood frequency analysis, reservoir yield
assessment, drought risk evaluation, and the planning and operation of irrigation systems.
In irrigation management, they are particularly useful for estimating the reliability of
water deliveries, assessing the risk of crop water stress, and quantifying the likelihood of
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supply shortages under variable climatic and hydrological conditions. Key performance
measures such as reliability, resilience, and vulnerability are commonly derived from
probabilistic simulations and serve as important inputs to decision-making related to
irrigation infrastructure design, water allocation rules, and reservoir operation policies.

Models from this group are primarily descriptive in nature and do not directly generate
decisions; instead, they yield statistical measures such as expected values, variances, or
waiting-time distributions that support managerial actions within a system. Queuing theory
is a representative example and can be effectively combined with optimization models from
Groups 1 and 4, as discussed later. For the analysis of capacity-related problems, such as
channel sizing, retention basin volumes, and the zoning of artificial reservoir storage, this
group also includes techniques based on classification, sorting, and related methods. Owing
to their relative simplicity and widespread availability on personal computing platforms,
probabilistic methods are extensively used both as standalone tools and in combination
with other modeling approaches.

When integrated with simulation or optimization frameworks, probabilistic mod-
els significantly enhance the robustness of water resources and irrigation systems by
explicitly accounting for uncertainty and extreme events, rather than relying solely on
deterministic assumptions.

Group 3: Statistical Techniques

Statistical techniques enable all kinds of statistical calculations and support complex
multivariable analyses of historical data sequences, forecasting, prediction, and, in many
applications, statistical inference. Within the overall process of water resources planning
and management, these techniques are primarily descriptive in nature. They do not directly
contribute to the selection of system components for analysis, the choice of datasets, or
the determination of independent and dependent variables (for example, in multivariable
regression models), nor do they estimate the system state based on technical design alter-
natives treated as predefined independent variables. Instead, their main role lies in the
analysis, interpretation, and synthesis of available data.

Applications of statistical techniques have been documented predominantly in system
planning, particularly for the description and analysis of hydrological and hydroclimatic
processes in river basins, such as runoff generation, inflows to reservoirs, river and canal
discharges, groundwater-level fluctuations, and irrigation water requirements. In irrigation
and agricultural water management, statistical analyses are also used to evaluate crop
water use patterns, assess yield—-water relationships, and identify trends and anomalies in
water demand under changing climatic and management conditions.

In recent years, the role of statistical techniques has expanded significantly due to the
availability of large observational and remotely sensed datasets and the development of
contemporary software products and platforms. Widely used statistical and data analysis
environments such as R, Python-based libraries (e.g., NumPy, Pandas, SciPy), MATLAB, and
SPSS complement traditional packages such as STATISTICA. These tools are increasingly
integrated with geographic information systems (GIS) and remote sensing products, including
satellite-based rainfall estimates, evapotranspiration products, and soil moisture data, enabling
spatially distributed statistical analyses in water resources and irrigation studies.

Furthermore, statistical techniques underpin many modern decision-support and
monitoring systems in water management, including drought indices, irrigation perfor-
mance benchmarking tools, and early warning systems for floods and water shortages.
Although these methods remain largely descriptive, their combination with simulation,
optimization, and machine learning approaches enhances the analytical capabilities of
contemporary water resources and irrigation planning, supporting more informed and
data-driven decision-making.
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Group 4: Simulation, Search, and Sampling Techniques

Simulation models are primarily descriptive: they represent how a system behaves
rather than prescribing how it should be optimized. A simulation model captures quanti-
tative relationships among system variables and generates system responses to specified
inputs, stimuli, or operating conditions. Unlike optimization models, most simulation
models do not include an internal algorithm for searching for an optimal solution (except
for hybrid simulation—optimization approaches).

A key strength of simulation is its ability to represent real-world systems with relatively
high fidelity. Because simulation focuses on reproducing system behavior rather than
enforcing optimality, it typically requires fewer simplifying assumptions than optimization-
based models. At its core, simulation involves two main steps: (1) model formulation,
where system behavior is expressed using algebraic, differential, or integral equations; and
(2) experimentation, where the model is executed repeatedly to observe system responses
under different scenarios and input conditions.

Within a systems-analysis framework, simulation is especially effective when the
input space can be constrained in advance, keeping the number of required simulation runs
manageable. When inputs are poorly bounded or highly uncertain, however, extensive
exploration of response curves or surfaces can significantly increase model complexity,
computational demands, and overall analysis costs.

A general limitation of simulation models is their context dependence, that is, strong
dependence on application-specific conditions. Many models must be tailored to specific
physical, environmental, or operational settings. Good examples of this are models used to
represent aquifer geometry and hydraulic properties or to simulate groundwater dynamics.
Over the past two decades, a growing number of standardized and semi-standardized sim-
ulation tools have emerged. These include models for estimating crop water requirements
(e.g., CROPWAT, AquaCrop), simulating soil moisture dynamics, evaluating the economic
impacts of irrigation, assessing flood damage, designing regional water-supply systems
with reservoirs, and allocating reservoir storage among competing uses. A good overview
of these models can be found in the book [8]. Whether independently or in combination
with optimization models, especially in the context of so-called simulation-optimization
techniques [37-39], simulation is the leading and indispensable technique of systems analy-
sis in all tasks related to planning and managing water resources in water management and
related sectors, particularly agriculture. Related to agriculture, Tanji and Kielen [5] provide
planners, decision-makers, and engineers with guidelines to sustain irrigated agriculture in
arid and semi-arid areas, and at the same time to protect water resources from the negative
impacts of agricultural drainage water disposal. On the basis of case studies from Central
Asia, Egypt, India, Pakistan, and the United States of America, the authors distinguish four
broad groups of drainage water management options: water conservation, drainage water
re-use, drainage water disposal, and drainage water treatment.

More recently, simulation has become tightly coupled with artificial intelligence and
data-driven methods. Machine learning models are increasingly used to approximate com-
plex system dynamics, calibrate simulation parameters from large observational datasets,
and serve as fast surrogate models that replace or augment computationally expensive
simulations. Al-driven approaches also support intelligent sampling of the input space (e.g.,
active learning), uncertainty quantification, and real-time scenario analysis. In combination
with optimization techniques, these hybrid simulation—optimization and simulation—Al
frameworks enable adaptive planning, predictive decision support, and digital-twin imple-
mentations for water resources, agriculture, and infrastructure systems.

Recent advances in artificial intelligence have introduced new engineering paradigms
for simulation. Of particular importance are:
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e Digital twins: Platforms such as Azure Digital Twins, Dassault Systemes’ 3DEXPERI-
ENCE, and sector-specific water and infrastructure digital twins integrate physics-
based simulation with real-time sensor data and Al analytics. These systems enable
continuous monitoring, forecasting, and scenario testing for infrastructure, water
resources, and agricultural systems.

e Surrogate (emulator) models, in which machine learning methods (e.g., Gaussian process
regression, deep neural networks, and polynomial chaos expansions) approximate
the input-output behavior of high-fidelity simulations, enabling rapid evaluation for
sensitivity analysis, uncertainty propagation, and optimization. Surrogate model-
ing and emulation frameworks: Machine learning models (e.g., Gaussian processes,
neural networks, and ensemble learners) are used as fast approximations of complex
simulation models. Tools built on PyTorch, TensorFlow, and scikit-learn, often cou-
pled with uncertainty-quantification libraries, allow for rapid scenario evaluation and
sensitivity analysis.

e Huybrid simulation-Al environments: Platforms such as Python-based co-simulation
frameworks, OpenAl Gym-style environments, and reinforcement-learning toolkits
(e.g., Ray RLIlib) combine simulation models with learning agents for adaptive control,
reservoir operation, irrigation scheduling, and energy-water system management.

e  Simulation environments for learning-based control, where reinforcement learning
agents interact with simulation models to derive control policies for reservoir opera-
tion, irrigation scheduling, or infrastructure management.

e  Operational decision-support systems: Commercial and open-source platforms increas-
ingly embed simulation engines alongside optimization solvers and AI modules to
support real-time planning, early warning systems, and policy evaluation under un-
certainty. These Al-enhanced simulation frameworks support intelligent sampling
of input spaces, automated calibration using observational data, uncertainty analy-
sis, and real-time adaptation. They also enable the development of policy-relevant
scenario analysis, allowing decision-makers to evaluate trade-offs among economic
efficiency, environmental sustainability, and risk under multiple future conditions.

From an engineering standpoint, calibration, verification, and validation are critical.
Calibration involves estimating model parameters by minimizing discrepancies between
simulated and observed data, often via least-squares or likelihood-based formulations.
Verification ensures numerical correctness and implementation fidelity, while validation
assesses model adequacy against independent datasets and performance metrics.

Whether employed as standalone analysis tools or integrated into ‘simulation—
optimization—Al’ workflows, simulation models remain central to engineering systems
analysis. In water resources, agriculture, and infrastructure engineering, they provide
the computational foundation for design, operational planning, risk assessment, and pol-
icy evaluation in systems characterized by nonlinear dynamics, spatial heterogeneity,
and uncertainty.

Whether used independently or as part of integrated simulation—optimization—-AI
pipelines, simulation remains a central and indispensable technique in systems analysis. In
water resources management, agriculture, and related sectors, it provides the analytical
foundation for long-term planning, operational management, and evidence-based policy
design, particularly in contexts characterized by complex dynamics, uncertainty, and
competing stakeholder objectives.

Whether used independently or embedded within simulation, optimization, and
Al-enabled decision-support pipelines, simulation remains a core and indispensable tool
of systems analysis. It plays a central role in planning and managing water resources
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and related sectors, particularly agriculture, where complex dynamics, uncertainty, and
competing objectives make purely analytical or optimization-based approaches insufficient.

Group 5: Heuristic and Metaheuristic Techniques

Group 5 comprises heuristic and metaheuristic techniques, which are widely used for
solving complex, large-scale, and computationally intractable problems. A heuristic is com-
monly understood as a rule of thumb: a problem-specific, non-general algorithm designed
to iteratively improve solution quality. Heuristic solutions are typically suboptimal, but
they can be obtained efficiently for problems where exact optimization is impractical.

At the core of heuristic methods is problem encoding, which involves transforming a
continuous or highly complex problem into a discrete, often combinatorial, representation.
Candidate solutions are iteratively generated and evaluated, for example, by encoding
decision variables as binary strings and applying operations such as swapping, mutation, or
recombination. This approach is commonly used to search multimodal objective functions
and large decision spaces, where classical gradient-based methods fail.

Metaheuristics extend this idea by coordinating or combining multiple heuristics
according to a higher-level strategy. Well-designed metaheuristics accelerate convergence
and typically produce solutions that are closer to the global optimum than those obtained
by individual heuristics alone. While optimality is not guaranteed, solution quality and
robustness are often significantly improved.

Heuristics are particularly valuable for NP-hard problems with extremely large or
practically infinite solution spaces, such as the control and operation of multi-reservoir
water systems with uncertain inflows, competing users, dynamic storage constraints, and
nonlinear economic objectives. Even with coarse discretization, such problems are com-
putationally infeasible for exact methods. Heuristic and metaheuristic approaches reduce
these problems to manageable discrete searches and apply intelligent stochastic exploration
(e.g., random walks, branching, region jumping) to identify high-quality solutions.

Modern Al has significantly strengthened heuristic and metaheuristic methods. Many
of these techniques are now viewed as core components of artificial intelligence, particu-
larly in search, planning, and learning. Evolutionary and swarm-based algorithms, such
as genetic algorithms, ant colony optimization, particle swarm optimization, bee and
cuckoo search methods, are inspired by natural processes including selection, mutation,
cooperation, and adaptation. These methods are implemented as software systems that
rely on randomized sampling, population diversity, and adaptive search control to avoid
premature convergence and local optima.

In recent times, thanks primarily to powerful computing technology, numerous algo-
rithms inspired by evolutionary processes in nature have gained great popularity, especially
processes characterized by the survival and propagation of the best individuals in a pop-
ulation, population diversification, sexual crossover of individual genes (chromosomes),
mutation, and others. The class of intelligent methods of systems analysis includes genetic
algorithms (GA), ant colonies and systems (Ant Colonies), bee colonies and systems (Bee
Colonies), particle swarms (Particle Swarm), cuckoo colonies (Cuckoo Colonies), and many
others (see, for example, [40—44]). Intelligent methods are extensively reported in the
scientific literature, and continuous efforts are made to improve them and apply them in
all fields, including water resources management and agriculture.

Increasingly, heuristics and metaheuristics are integrated with machine learning.
Examples include learning heuristic parameters from data, using surrogate models to ap-
proximate objective functions, and embedding metaheuristic searches within reinforcement
learning or simulation-based decision frameworks. These hybrid Al approaches are widely
applied in water resources management, agriculture, energy systems, and logistics.
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In systems analysis for water management and agriculture, Group 5 methods are espe-
cially appropriate when data are uncertain or scarce, system behavior is highly nonlinear,
exact algorithms are unavailable or too slow, or rapid decisions are required. Their main ad-
vantages are flexibility, scalability, and intuitive modeling inspired by natural processes. Their
limitations include the lack of guaranteed optimality, sensitivity to parameter tuning, and
challenges in integrating locally optimal solutions into a globally consistent system solution.

Group 6: Techniques for supporting decision making

Group 6 encompasses methods and techniques that support structured decision-
making processes. Two main classes are distinguished: (1) multicriteria analysis and
optimization (MCA and MCO), and (2) social choice theory (SCT).

MCA and MCO deal with problems involving multiple criteria and alternatives, with
decisions made individually, in subgroups, or by a collective. Depending on the formulation
of the decision problem, particularly the definition of the global objective, methods are
categorized as non-compensatory (e.g., dominance, max—min, max—-max, conjunctive and
disjunctive) or compensatory (e.g., utility-based, consensus, compromise) approaches.
When decisions involve groups, individual preferences can be aggregated using a variety
of mathematical methods, as discussed extensively in the literature [45-49].

Social choice theory (SCT) focuses on voting and collective choice, often applied in
electoral or governance contexts such as irrigation user associations, river-basin committees,
and farmers’ associations. SCT models include preferential and non-preferential voting,
where multiple criteria are synthesized implicitly in the voting process, unlike MCA /MCO,
where the weights of criteria are explicitly considered. SCT and MCA /MCO can be used
independently or in a hybrid form, depending on the application context [45,46].

Al integration in decision-support techniques has enhanced both MCA /MCO and
SCT applications. For example:

e  Preference learning: Machine learning models (e.g., neural networks, support vector
machines) can infer stakeholder priorities from historical decisions in irrigation man-
agement, crop planning, or water allocation.

o  Adaptive weighting and optimization: Al algorithms such as reinforcement learning or
genetic algorithms adjust criteria weights dynamically under uncertain hydrological
or economic conditions. For instance, in reservoir operation planning, Al-driven MCA
can optimize trade-offs between water supply, flood risk, and environmental flows.

o Voting and aggregation analysis: Multi-agent Al systems can simulate group voting, de-
tect inconsistent preferences, and explore coalition formation in river-basin committees.
Tools like NetLogo or Python-based multi-agent frameworks are often used.

e  Scenario simulation: Monte Carlo and Al-powered simulation frameworks enable
testing of alternative policy or management scenarios under uncertainty, such as
evaluating irrigation strategies across multiple farms using hybrid MCA /SCT models.

e Decision-support platforms: Platforms like DSS-WRM, WEAP, or AquaCrop, coupled
with Al modules, integrate MCA /MCO with scenario analysis, optimization, and
stakeholder input for evidence-based water and agricultural management.

These Al-augmented MCA/MCO and SCT frameworks are increasingly applied
in water resources management, agriculture, and multi-stakeholder resource allocation,
supporting robust, participatory, and data-driven decision-making.

e Preference learning and elicitation: Machine learning models infer implicit stakeholder
preferences from historical decisions or behavioral data.

o Adaptive weighting and optimization: Al algorithms dynamically adjust criteria weights
or evaluate trade-offs under uncertainty.
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o Aggregation and consistency analysis: Al techniques identify inconsistencies, conflicts, or
strategic patterns in group voting or scoring.

e Scenario simulation and participatory DSS: Reinforcement learning, Monte Carlo simula-
tions, and multi-agent Al systems enable exploration of multiple “what-if” scenarios
and support transparent, data-driven stakeholder engagement. Monte Carlo sim-
ulation method, queuing theory, and other techniques can be used to construct a
flexible decision support system, providing methods and practical support for the
refined and scientific management of agricultural water resources management and
irrigation scheduling [50-52].

Hybrid Al-driven systems combining MCA /MCO and SCT are increasingly applied in
water management, agriculture, and other resource allocation domains, supporting robust,
participatory, and evidence-based decision-making.

Group 7: Auxiliary (Supporting) Techniques

Auxiliary techniques complement the methods in Groups 1-6, addressing complex,
cross-sector problems that often involve multiple stakeholders, conflicting interests, or
imbalances in water and agricultural systems. While Groups 1-6 provide the core analytical
and optimization tools, Group 7 methods are essential for linking quantitative results to
social, economic, and political contexts, where societal preferences, priorities, and trade-offs
play a critical role in decision-making.

These techniques provide formal mechanisms to balance competing interests, reconcile
conflicting objectives, and interpret systems analysis outcomes for practical planning and
management. Key methods can be grouped as follows:

e  Game theory, which enables the modeling of strategic interactions among stakeholders
or competing agents in resource allocation, markets, or infrastructure systems.

e  Cost-benefit analysis, which evaluates trade-offs between economic, social, and envi-
ronmental outcomes.

e  Stakeholder analysis and multi-criteria aggregation by using statistical inference,
direct cross-referencing, or advanced data fusion to integrate heterogeneous input
from multiple actors.

Al has expanded the capabilities of auxiliary techniques in the following way:

e  Predictive and prescriptive analytics use machine learning to forecast stakeholder
responses, system performance, or economic outcomes under different management
scenarios.

e  Multi-agent simulations implement game-theoretic interactions in dynamic, data-driven
environments to explore negotiation, coalition-building, or competitive behavior.

e  Automated trade-off analysis employs reinforcement learning or optimization-guided
Al to explore Pareto-efficient solutions across multiple conflicting objectives.

e  Decision-support platforms integrate auxiliary techniques with MCA/MCO and SCT
frameworks, enabling interactive visualization, scenario analysis, and participatory
policy evaluation (e.g., Al-enhanced DSS-WRM, WEAP, or digital-twin frameworks).

Auxiliary techniques are particularly valuable when objectives are multiple and con-
flicting, systems are high-dimensional, and decisions must consider both technical con-
straints and societal priorities. Their origins in economics, military strategy, energy systems,
and other applied fields reflect their focus on real-world planning and managerial chal-
lenges, and Al now allows these methods to operate at larger scales and with greater
adaptive intelligence.

Table 1 provides a mapping of the previously described techniques and methods of sys-
tems analysis, their integration with Al and achieved enhancements, and key applications
that make the framework practical for engineers, policymakers, and academics.
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Table 1. Techniques and methods of systems analysis, their integration with Al, and applications.

Group

Techniques/Methods

Al Integra-
tion/Enhancements

Applications

1. Applied Mathematics &
Optimization

Differential /integral
calculus, matrix calculus,
LP, QP, DP, control theory,
game theory, network
optimization

Hybrid optimization with
Al solvers (Gurobi, CPLEX,
MOSEK, XPRESS);
reinforcement learning;
surrogate modeling

Reservoir operation,
irrigation scheduling,
water—energy—agriculture
planning, digital-twin
platforms

2. Simulation Models

Algebraic, differential,
integral equations;
discrete-event, agent-based,
stochastic simulation

Digital twins; surrogate
models (ML
approximations);
Al-enhanced scenario
analysis

Groundwater flow, crop
water requirements
(CROPWAT, AquaCrop),
flood risk modeling

3. Network & Graph
Optimization

Network theory, flow
optimization, CPM/PERT

Graph neural networks
(GNN:s) for flow prediction;
Al-guided network
optimization

Canal networks, urban
drainage, water/irrigation
logistics, transport routing

4. Classical Optimization
& Programming

LP, integer programming,
quadratic programming,
DF,
stochastic/deterministic
methods

Al solvers;
simulation-optimization
hybrids; reinforcement
learning

Large-scale water
distribution,
energy—water—agriculture
system optimization

5. Heuristic &
Metaheuristic Methods

Rule-of-thumb heuristics,
genetic algorithms,
ant/bee/cuckoo colonies,
particle swarm

Al-assisted search
guidance; reinforcement
learning for adaptive
heuristics; surrogate
models for fitness
evaluation

NP-hard problems:
multi-reservoir control,
irrigation planning,
adaptive resource
allocation

6. Decision-Support
Techniques

MCA /MCO (utility,
consensus, compromise,
dominance); SCT
(preferential /non-
preferential voting)

ML for preference learning;
adaptive weighting;
multi-agent voting
simulations; scenario
simulation

Participatory water
governance, agricultural
policy planning, hybrid
MCA/SCT DSS
(DSS-WRM, WEAP)

7. Auxiliary Techniques

Game theory, cost-benefit
analysis, stakeholder
analysis, multi-criteria
aggregation

Multi-agent simulations for
strategy & coalition
modeling; predictive
analytics for
socio-economic outcomes;
Al-enabled trade-off
analysis

Conflict resolution in
multi-stakeholder water
management, strategic
planning in
agriculture/energy-water
systems, policy evaluation
under socio-economic and
environmental constraints

5. Water Resources: Systems Modeling Tools and Approaches
5.1. River-Basin Models and Tools

Systems analysis in the water sector employs a range of modeling tools and computa-

tional methods. Regarding river-basin hydrological and hydraulic models, the following

basin-scale models are worth mentioning as suggested in [53,54].

SWAT (Soil and Water Assessment Tool) with Al integration is a robust river-basin-

scale model that simulates daily hydrological processes, water quality, water allocation,

irrigation, nutrient cycles, and crop growth at watershed scales. As a model that integrates

land use, climate, and agricultural management scenarios to inform sustainable water

management, SWAT receives continuous interest from researchers and practitioners and
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has thousands of applications reported in studies, papers, and other scientific documents

worldwide. An important Al feature recently embedded in SWAT is that it now uses

artificial neural networks for calibrating hydrological models based on real-time data,

while its machine learning module enables improvement of water runoff predictions,

evaluation of soil erosion impacts, and identification of irrigation needs under different

agricultural practices. Embedded optimization models include flood, water quality, and

agricultural runoff predictions.

SWMM (Storm Water Management Model) is a dynamic rainfall-runoff-subsurface
runoff simulation model used for single-event to long-term continuous simulation
of the surface and/or/subsurface hydrology quantity and quality from primarily
urban/suburban areas. It is an urban-focused model that handles runoff, drainage
systems, and water quality. The model is often coupled with hydrological models.
Since its inception by the EPA in the USA, the model has been used in thousands
of sewer and stormwater studies throughout the world. SWMM is public domain
software that may be freely copied and distributed.

River Ware is an advanced river and reservoir modeling tool used for water resource
management, operational scheduling, and long-term planning. Developed by the Cen-
ter for Advanced Decision Support for Water and Environmental Systems (CADSWES)
at the University of Colorado Boulder, it is a standard tool for major agencies like the
U.S. Bureau of Reclamation and the Tennessee Valley Authority.

MODSIM-DSS (Decision Support System) is a GUI-driven, powerful, generalized river-
basin management and water allocation model developed at Colorado State University.
It is a network-based river-basin allocation and operations model, used globally to
simulate complex water resource systems and support decision-making for long-term
planning and daily operations. Its core functionality includes network flow opti-
mization monthly and a simulation procedure conceptualized as a chain of monthly
optimizations. MODSIM represents river basins as networks of nodes (reservoirs,
demands, diversion points) and links (canals, river reaches). It uses a minimum-cost
network flow algorithm to allocate water based on physical constraints and user-
defined priorities. Model excels at modeling the interaction between surface water
and groundwater, often linking with models like MODFLOW to handle stream-aquifer
exchanges. MODSIM includes a powerful, interactive graphical user interface for
creating, locating, and connecting river-basin infrastructural objects.

AQUATOOL is a decision-support system software developed by the Polytechnic
University of Valencia for the planning and management of water resource systems. It
is used for research, academic, and practical management applications by river-basin
agencies. The software allows users to design and graphically configure water resource
systems, manage associated databases, and perform optimization and simulation for
various management alternatives and time horizons. Key modules include SIMGES
(simulation), OPTIGES (optimization), GESCAL (water quality simulation), SIMRISK
(risk assessment), and EVALHID (rainfall-runoff modeling). AQUATOOL helps in
analyzing problems related to water management, evaluating the impacts of changes
in the system, performing risk analysis, and supporting the distribution of resources
between conflicting demands. It is commonly used in Europe and Latin America for
basin planning and water allocation.

MIKE Powered by DHI. It is a modeling suite for water quality monitoring and man-
agement in water systems that uses Al to analyze water quality, pollution levels, and
hydrological data at a river-basin scale. Its Al-driven data analysis is used for water qual-
ity modeling, focusing on nutrient loading, chemical pollution, and sediment transport.
Machine learning is used for predicting water quality trends under different agricultural
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runoff and wastewater management scenarios, while optimization algorithms suggest
best practices for water pollution control and agricultural runoff management. MIKE is
commonly applied for water quality monitoring, managing pollution in agricultural and
urban water systems, and decision-making in water management.

e  Ribasim (River-basin planning and management model) is an open-source tool for modeling
managed water systems at the river-basin scale. Built to support collaborative planning
and decision support, it enables simulations of how choices affect people, nature,
and water-supply reliability. Through evidence-based modeling, it enables decision
makers to build consensus amongst water users and make smart decisions about how
to manage water resources optimally, considering uncertainties now and in the future.

Other more important models in this class are:

e  HEC-HMS (Hydrologic Modeling System), which is a software system widely used by
engineers and agencies for flood forecasting and event-based simulations.

e TOPMODEL, which is focused on topography-driven runoff generation and is good
for understanding saturation excess flows.

e  HBV (Hydrologiska Byrins Vattenbalansavdelning) is a conceptual, lumped/semi-
distributed model that is widely used for runoff simulation.

e PRMS (Precipitation-Runoff Modeling System) is developed by the US Geological Survey
and is good for climate and land-use impact studies.

o  VICM (Variable Infiltration Capacity Model) is most used in climate studies. The model
simulates land-surface hydrology at large scales.

e  DHSVM (Distributed Hydrology Soil Vegetation Model) is physics-based and grid-based
and commonly used in studies for mountainous and forested watersheds.

o WASP (Water Quality Analysis Simulation Program) is frequently used for river, lake,
and estuary water quality modeling. It is often coupled with hydrological models.

o  SWMM (Storm Water Management Model) is an urban-focused model that handles
runoff, drainage systems, and water quality. This model is also often coupled with
hydrological models.

o  MODFLOW (with packages like MODFLOW-NWT, MODFLOW-OWHM) is a standard
groundwater flow model, often coupled with watershed models.

e  HEC-RAS (with hydrologic inputs) is a primarily hydraulic model that is commonly
used alongside watershed models for floodplain analysis.

There are certain challenges and research gaps in all broad applications of Al-oriented
water management tools. Regarding data availability and quality, many Al models require
high-quality large datasets that are often unavailable or difficult to integrate across different
regions, catchment areas, and agricultural systems; this is an important challenge in develop-
ing effective systems analysis tools. Regarding model transparency and interpretability, Al and
machine learning models are often seen as ‘black boxes’, which can reduce trust among stake-
holders (e.g., farmers and policymakers); ensuring transparency in Al-based decision-making
processes appears to be a key research gap and will obviously require more time for research
efforts. Integration of diverse data sources is a requirement for Al to enable the generation of ac-
curate predictions by collecting and integrating diverse data from remote sensing, IoT devices,
weather stations, and field surveys. Combining these data types effectively remains a major
challenge. No less important is the challenge of achieving adoption of new technological tools by
farmers and policymakers. Namely, many Al-based tools require a level of technical expertise
that may limit adoption, particularly in small-scale or resource-poor settings. Research into
user-friendly interfaces and training is needed.
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5.2. Multi-Criteria Decision Analysis and Optimization Models

Watershed management and flood risk planning require balancing competing objec-
tives, such as ecological preservation, infrastructure costs, and public safety, across diverse
stakeholder groups. This complexity has led to the adoption of Multi-Criteria Decision
Analysis (MCDA) and rigorous mathematical optimization techniques.

5.2.1. Multi-Criteria Decision Analysis (MCDA) Models

MCDA frameworks are essential for ranking alternatives based on qualitative and
quantitative factors where no single ‘perfect’ solution exists [55,56].

e AHP (Analytic Hierarchy Process) [57-60] is the most widely used MCDA method in wa-
tershed management [56]. It structures complex problems into a top-down hierarchy
of decision elements (goal, criteria, sub-criteria, alternatives) and uses pairwise com-
parisons to derive their weights, thus enabling transparent prioritization of watershed
sub-basins, flood mitigation measures, or conservation zones. AHP is widely applied
in flood vulnerability mapping, erosion risk assessment, and site suitability analysis.

e  ANP (Analytic Network Process) [61,62] is an extension of AHP. While AHP assumes
a linear top-down structure, ANP allows for dependence and feedback between ele-
ments, effectively modeling decision problems as networks rather than trees. ANP
is therefore suitable for complex ecological systems where one factor (e.g., land use)
directly impacts another (e.g., runoff). ANP is particularly relevant in watershed sys-
tems where hydrology, land use, policy, and ecological processes interact dynamically.
ANP is often used when socio-ecological feedback significantly influences outcomes.

o TOPSIS (Technique for Order of Preference by Similarity to Ideal Solution) [63] identifies the
solution that is geometrically closest to the ‘positive ideal” and farthest from the ‘nega-
tive ideal’ [63,64]. This is one of the most popular MCDM tools because it can account
for both positive and negative aspects of alternatives simultaneously and maintains a
constant number of computational steps regardless of the number of attributes [65,66].
A good review on the method, its extensions for different applications, and recent
developments can be found in [67]. It is frequently used for water allocation and rating
management strategies and also for prioritizing flood control strategies, reservoir
operation alternatives, or green infrastructure options under competing objectives.

e  ELECTRE (Elimination Et Choix Traduisant la REalité) [68-71] is an outranking method
that identifies preferred alternatives through pairwise dominance relationships by
comparing them in pairs to see which ‘outranks’ others based on specific thresh-
olds. It is particularly useful when decision-makers wish to eliminate clearly inferior
watershed management options rather than compute strict rankings.

o  PROMETHEE (Preference Ranking Organization METHod for Enrichment Evaluations) [72-75]
is also an outranking technique that provides partial or complete rankings of alternatives
based on preference functions. It is frequently applied in environmental planning where
qualitative and quantitative criteria must be integrated.

5.2.2. Rigorous Optimization Techniques

These optimization approaches are frequently coupled with hydrological simulation
models to enhance decision support. When watershed planning requires finding the best
solution under explicit physical, financial, or regulatory constraints, rigorous optimization
models offer valuable outcomes. Unlike MCDA, which ranks pre-defined alternatives, these
techniques search for the mathematically ‘best’ possible solution within a set of constraints [76].

e  Linear and Nonlinear Programming (LP, NLP) [77,78] are commonly used to allocate
limited resources, such as irrigation water, to maximize economic yield while staying
within supply limits [79]. Linear Programming (LP) is used when both objective
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functions and constraints are linear. LP is predominantly applied in water allocation
problems, reservoir operation planning, and cost minimization of flood mitigation
strategies. Nonlinear Programming (NLP) is applied when system relationships are
nonlinear, which is common in hydrology (e.g., runoff-storage relationships). NLP
models can optimize groundwater extraction, flood-routing parameters, and ecological
flow requirements.

e Dynamic Programming (DP) (Bellman 1957) [80] is effective for multistage decision-
making, such as managing reservoir releases over several months to account for sea-
sonal variations, especially during flood events. DP breaks complex time-dependent
problems into simpler recursive stages [79].

e  Stochastic Programming (SP) is specifically designed to handle uncertainty, such as
unpredictable rainfall or inflow, by incorporating probability distributions into the
optimization model. It is widely used in flood risk planning under uncertain future
hydrologic conditions (e.g., [81]).

5.2.3. Integrated Simulation-Optimization Software

Modern watershed planning often couples physical simulation models (which predict
what will happen) with optimization algorithms (which decide what should be done).
Table 2 shows key details of several software systems with their primary functions and
optimization coupling examples in water resources management.

Table 2. Example software systems and their coupling with optimization.

Software Primary Function Optimization Coupling Example

Often coupled with genetic
algorithms to find the most
cost-effective locations for
conservation practices (e.g., filter
strips, terraces). In [81], a SWAT
and a GA are used to find
cost-effective management
scenarios to reduce sediment yield
in the Taleghan Dam Watershed,
Iran.

Simulates physical
SWAT processes like sediment
yield and streamflow.

Uses Linear Programming
Focuses on water demand  heuristics to solve daily or monthly

WEAP and resource allocation. water allocation problems between
competing users [82].
Coupled with optimization
modules (like SOMOS) to
MODFLOW Models groundwater flow determine the best pumping rates

and aquifer levels. that maximize yield without

depleting the aquifer [76,83].

5.3. Decision Support Systems with Al Integration

There are many decision support systems at different scales and functions in water
resources and agricultural management, and with ongoing implementations of Al tools.
Some of them are already mentioned in previous sections, and here are briefly elaborated
on two advanced integrations with Al tools of decision support systems known as WEAP
and DSSAT.

o  WEAP (Water Evaluation and Planning system) is a policy-analysis and scenario planning
model that simulates water demand, supply, irrigation needs, ecological flows, and
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socio-economic drivers. It supports strategy comparison under uncertainty. WEAP
itself is a rule-based decision support model. Al is coupled externally to enhance
prediction, optimization, or scenario evaluation. This way, Al improves the inputs,
while WEAP handles the allocation decisions. Al methods used in combination with
WEAP are artificial neural networks (ANN), Long—Short-Term Memory/Recurrent
Neural Network (LSTM/RNN) (for time-series forecasting), and Random Forest (RF).
For instance, LSTM predicts monthly inflow, and WEAP allocates water among sectors.
For evaluation of management scenario options and decision support, clustering in
WEAP is supported by Al to identify similar climate scenarios, reinforcement learning
for analyzing adaptive water management scenarios, and fuzzy logic for handling
uncertainty and stakeholder preferences. Al is also used for optimization of policies,
including optimization of reservoir operating rules, priorities of water allocation
among users, and following environmental flow constraints such as minimum low-
flow augmentation. In addition, Al optimizes costs vs. reliability of supply and, to
some extent, the sustainability of reservoirs” optimal operating outcomes.

e  DSSAT (Decision Support System for Agrotechnology Transfer) is a comprehensive system
that helps in crop modeling and agricultural management using Al and machine learning
for better prediction of crop yields under different water availability scenarios, and opti-
mal fertilizer use and irrigation practices implementation. Focused on crop growth and
agronomic outcomes, if integrated with water models, it links agricultural productivity to
water resource dynamics. From an operational point of view, DSSAT is physically based,
but rule-driven. Al adds learning, prediction, and optimization, where the originally
developed DSSAT is weak. Regarding DSSAT input, Al improves weather, soil, and man-
agement inputs by using ANN/LSTM for climate variable forecasting, Random Forest
for soil parameter estimation, and ML-based gap filling for missing data. An example is
that LSTM predicts future rainfall, while DSSAT simulates crop yield. DSSAT enables
predictive analytics for forecasting crop yields based on varying water availability and
agricultural practices, and also includes data assimilation techniques to integrate field
data with climate models for more accurate predictions.

5.4. Emerging Computational Methods in Irrigation with Al Integration

Al-oriented systems analysis approaches and tools are becoming increasingly valu-
able in water management and agriculture because they can handle complex, dynamic
systems with large amounts of data, provide predictions, and optimize decision-making
processes. They integrate machine learning, optimization algorithms, and modeling tech-
niques to enhance the efficiency and sustainability of water use, crop production, and
overall environmental management. The following two classes are: (1) machine learn-
ing and reinforcement learning models, which are gaining traction for predictive water
resources planning, optimization under uncertainty, and real-time decision support, espe-
cially for dynamic allocation and quality assessment; and (2) Al-based decision models,
which are increasingly used in studies and real-time decision making. More commonly
used models belonging to this class are fuzzy logic models applied in studies of water
quality and for flood risk decisions, genetic algorithm (GA) models, which are used for
reservoir operation and watershed management, and reinforcement learning models, which
are emerging but still mostly used for research.

Regarding Al-related systems analysis applications in agricultural water management,
the following applications deserve more attention.

e  Smart Irrigation Systems: Combining Al, IoT, and machine learning enables automation
of irrigation and optimization of water usage for agriculture. Sensor networks powered
by Al are aimed at detecting soil moisture levels, temperature, and rainfall, triggering
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irrigation only when necessary. Machine learning models analyze environmental data
to predict irrigation needs over time, optimizing water use while maintaining crop
health, and finally, integration with weather forecast models enables predicting water
demand based on seasonal weather patterns. SIS is commonly used in applications for
precision irrigation, smart farming, reducing water waste, and improving crop health.

e Irrigation Scheduling and Efficiency. Systems analysis improves irrigation efficiency by
integrating soil-climate data with water delivery systems, preventing water waste
and enhancing crop outcomes. Models evaluate timing, volumes, and water quality
impacts on agriculture. Water-need models enable surveys of irrigation decision
systems, highlight mathematical models assessing crop water needs, adapting to
environmental dynamics, and guiding irrigation strategies.

o Water Quality in Irrigation. Systems-level assessments of irrigation water quality
show how upstream contamination, hydrology, and watershed management influence
agricultural risk, including food safety. Recent reviews expand this to sustainable de-
velopment frameworks (e.g., SDG 6), emphasizing comprehensive quality assessment
systems for irrigation water and policy integration.

o Green Innovations & Sustainable Management. Sustainable water management literature
often intersects systems thinking with green innovations such as efficient irrigation
technologies, governance reforms, and adaptive policies. However, precise definitions
and standardized frameworks for sustainable water management and agricultural
applications remain underdeveloped in many studies.

6. Several Recently Reported Examples of Real-Life AI Applications in
Water Management

There are many examples of real-life Al-driven support for water resources man-
agement and irrigation management at various scales, primarily at the local. Here are
some recently published real-life applications of Al in water management, cross municipal
systems, environmental monitoring, agriculture, flood risk, and industrial operations.

e  Regarding urban and municipal water management, two examples from India are
worth mentioning. As reported in The Times of India (7 January 2026), in Tamil Nadu
(India), Trichy Corporation uses Al for water quality monitoring and distribution.
An Al-based image analysis tool is used to verify chlorine levels from water sample
photos, improving water quality checks in real time. The drinking-water chlorination
monitoring system is upgraded by deploying 75 portable testing kits and introducing
an Al-backed verification mechanism. The other case is related to smart water network
optimization. The Delhi Jal Board partnered with IIT Kanpur to deploy in Delhi
(India) an Al-driven system with digital-twin tech to monitor pipelines, detect leaks,
optimize distribution, speed up complaint resolution, and plan groundwater recharge.
Advanced Al technologies are aimed at modernizing and streamlining the city’s water
and wastewater management systems. One important aspect is to integrate artificial
intelligence (AI) in groundwater recharge and maintenance of its water and sewage
treatment plants. Digital-twin technology will be leveraged to create virtual replicas of
DJB’s water systems, which will aid in enabling early detection of leakages, pressure
drops, and system inefficiencies.

e  There are many Al applications in leak detection. For instance, the city of Las Vegas in
the USA uses Al-based systems that analyze sensor and flow data aimed at detecting
leaks early and reducing water loss in the urban water distribution system. Another
interesting example is hydraulic network optimization in Georgia. In the Khelvachauri
case study, Al algorithms combined with hydraulic modeling increased network
pressures, improved pump efficiency, and reduced leak rates, showing how machine
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learning can help smaller utilities manage resource constraints. As far as predictive
forecasting and resource planning are concerned, one example is Cape Town, where
Al is used to forecast water demand and help manage scarce supplies during drought
crises. The other example is the use of Al for river-basin governance and decision
support. A platform called WaterCopilot has been developed for the Limpopo River
Basin. It integrates real-time hydrological data with Al to support policymakers with
alerts, trend insights, and interactive queries for informed water resource decisions.
Regarding flood risk and environmental monitoring, in Aragon (Spain), the early flood
warning company Amazon (AWS) invested in an Al-powered early warning system
to integrate weather and water flow data to improve regional flood anticipation and
response planning. There are evidence-based research projects that are focused on
using hybrid Al vision systems to interpret river gauge data automatically, enhancing
water-level monitoring for better flood forecasting and water allocation planning.
Smart Water System for Urban Flood Prevention is deployed in Rotterdam (Nether-
lands), focusing on the integration of IoT sensors with Al to manage urban water
risks. Rotterdam invested in a sensor network monitoring sewers, canals, and pumps,
feeding Al analytics that can predict blockages or pump failures and adjust pumping
systems in real time based on forecast rainfall and current flow data. This way, the
system helps reduce urban flooding risk in a city highly vulnerable to storms and
sea-level rise.

A water quality and leak-monitoring system in Barcelona (Spain) uses an Al-based
sensor network for real-time distribution monitoring. By deploying sensors through-
out the distribution system and by using Al to analyze chlorine, temperature, and flow
parameters, various benefits are recognizable, such as faster leak and contamination
detection and improved operational responsiveness. Also, Al enables more proactive
and granular monitoring than periodic manual testing.

Fido Tech from the UK uses small sensors placed on pipes for acoustic monitoring
('listening”) of the flow of water. Their Al algorithm analyzes the sound waves to
distinguish between background noise and the specific frequency of a leak. It can
pinpoint a leak’s location to within a few meters, saving crews from digging up
entire streets. The company Asterra, also from the UK, uses satellite imagery data
from satellites to scan the earth for underground moisture. Their Al analyzes the
soil moisture signatures to detect drinking water mixed with soil, identifying major
underground leaks from space without any ground sensors.

Water quality monitoring is one more area of increasing Al implementation with water
resources standard techniques. In the US, agencies use Al models fed with satellite
imagery and weather data to predict when and where toxic algal blooms will occur
in lakes and coastal waters. This allows treatment plants to adjust their filtration
processes proactively before the contaminated water enters the intake pipes. The
company Kando (Wastewater Intelligence) from Israel uses IoT sensors and Al to
monitor sewage networks. Their Al wastewater treatment optimization algorithm
detects illegal industrial discharges or chemical spikes in real time. It can then alert the
treatment plant to divert that specific slug of contaminated water to a holding tank,
preventing the biological treatment bacteria from being killed off.

Climate change is making weather patterns more erratic, requiring faster prediction
models. Two good examples of flood prediction and management in this regard
are the following: (a) Google’s Flood Hub—Google uses Al to analyze river gauge
data and satellite imagery to predict riverine floods up to 7 days in advance. It is
currently active in over 80 countries, sending alerts directly to users’ smartphones in
at-risk villages, giving them crucial time to evacuate; (b) Sewer Overflow Prevention
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(EmNet/Xylem)—In cities like South Bend, Indiana, Al controls ‘smart valves” and
gates within the sewer system. When a storm hits, the AI dynamically routes water to
empty parts of the sewer network to store it temporarily, preventing the system from
becoming overwhelmed and dumping raw sewage into local rivers.

e  Urban-related utilities need to know how much water to pump and treat on any given
day. A good example of demand forecasting and utility management is the water
company Veolia (Siemens), which created ‘Digital Twins’, virtual replicas of entire
water distribution networks. Al runs thousands of simulations on this virtual model
to predict how the system will react to a heat wave, a pipe burst, or a power outage.
This helps operators make better decisions in the real world.

e  Regarding agricultural water use efficiency, Netafim and CropX companies integrated
CropX’s soil sensing technology into Netafim’s precision irrigation systems to enhance
precision irrigation. These systems use sensors buried in the soil to measure moisture,
temperature, and salinity. Al algorithms combine this data with weather forecasts and
crop models to determine exactly how much water a specific part of a field needs. This
automates irrigation systems to water only when necessary, reducing water usage by
up to 30%.

e  Recent reports highlight growing efforts to advance Al-driven agriculture in India. For
example, the Centre of Excellence in Artificial Intelligence for Agriculture at IIT Ropar,
established by the Union Ministry of Education, has launched initiatives to promote
data-driven farming. A key measure is the deployment of 100 Al-based weather sta-
tions, starting in Punjab, to create a scalable Weather Intelligence Network. Provided
free of charge, these stations deliver hyperlocal, real-time data to support decisions on
sowing, irrigation, and crop protection. The initiative is being implemented in phases,
with plans to expand to several other states.

e  Many recent applications of autonomous farming machinery and agricultural robotics
demonstrate the growing role of Al in field operations. Laser-based weeding robots use
computer vision to remove weeds with high precision, significantly reducing the need
for chemicals, while autonomous tractors and sprayers optimize tasks with minimal
human intervention. A notable example is SwagBot (Australia), an autonomous robot
developed to herd cattle and monitor pasture conditions. Since its initial launch in
2016 as a terrain-capable herding platform, it has been upgraded with sensors, artificial
intelligence, and machine learning. The battery-powered system can assess pasture
type, density, and health, as well as monitor livestock condition. Based on this data,
it autonomously guides cattle to optimal grazing areas, helping prevent overgrazing
and soil degradation, while also transmitting valuable information back to farmers.

Despite rapid advances in autonomous units (AU) and task-specific Al applications
in water resources and agriculture, challenges remain in their practical deployment and
integration. One key issue is the fragmentation of existing solutions because most current
systems are specialized and designed for narrow tasks such as precision weeding, irrigation
control, or monitoring, with limited interoperability. As highlighted in recent discussions
worldwide, it is still unclear how these domain-specific tools will align with emerging
generative Al technologies. While integration is seen as a promising pathway, generative
Al could act as a high-level planning and human-machine interface but such functionality
is not yet implemented in most commercial platforms.

Additionally, users frequently report dissatisfaction with costly and rigid software
ecosystems that lack flexibility and scalability, which limits broader adoption, especially
in water resource management, where cross-sectoral coordination is essential. At the
same time, generative Al is seen as a potential driver of democratization, enabling end-
users to develop customized analytics and automation workflows. However, this shift
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introduces new challenges related to reliability, standardization, data quality, and user
capacity. Overall, the transition from isolated Al tools to integrated, user-centric, and
adaptive systems remains a key unresolved issue in real-world applications.

7. Conclusions

Techniques from the seven groups of systems analysis approaches, models, and
tools discussed in this paper are increasingly recognized as important components of
modern systems and control approaches in resource management. To varying degrees,
these techniques are relevant for water management and agricultural systems in many
countries, as they support the functioning of organizational, technical, and technological
units involved in planning, analysis, and decision-making. Their application has become
more feasible due to the growing availability of trained scientific and professional personnel,
widespread access to computing infrastructure, and the presence of advanced software
tools that meet international standards.

This paper provides a general overview of the main groups of techniques used in
modern systems analysis applied to water management and agriculture. Particular at-
tention was given to their fundamental characteristics and their usefulness in planning
and resource management tasks. Their practical implementation is increasingly supported
by modern computing environments and by the rapid development of artificial intelli-
gence (Al) and machine learning (ML). In practice, the application of systems approaches is
closely connected with digital infrastructures such as the Internet, decision support systems,
geographic information systems (GIS), and distributed database systems, which together
enable the integration, analysis, and interpretation of complex datasets.

The literature on systems analysis in water management and agriculture demon-
strates a wide diversity of methods, ranging from hydrological simulation models and
optimization techniques to decision support systems and participatory governance frame-
works. Applied across different spatial and organizational scales, from field-level irri-
gation management to river-basin planning, systems thinking provides holistic insights
that support more effective evaluation, planning, and policy development for sustainable
water—agriculture systems.

Classification of systems analysis techniques in seven major categories is grounded in
the reviewed literature, with a clear explanation of how and why these categories emerge
from existing research streams. In a way, this establishes a logical progression from prior
studies in the cited literature toward our presentation of synthesis within seven categories.
We are aware that some groups of systems analysis techniques partially overlap, but in the
presented classification approach, we did our best to establish ‘distinctions” among models
and tools. These “distinctions’ are elaborated in Sections 3-5 with insights into elaborations
in relevant literature.

The technical classification we suggested (Groups 1-7) reflects methodological coherence
and practical applicability. For each category (e.g., Applied Mathematics & Optimization,
Simulation Models, Heuristic Methods, Decision-Support Techniques), we discussed typical
model tools and algorithms throughout the manuscript, as well as specific representative ap-
plication domains. This way, we created a transparent bridge between abstract methodological
classes and their real-world use, improving internal consistency across the manuscript.

Regarding identification of research gaps and controversial points, there is insuffi-
cient integration between classical optimization approaches and AI/ML-based methods,
and the fragmentation between simulation-based and decision-support frameworks and
the lack of unified environments that support hybrid, multi-method decision processes
remain unresolved.
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Future research should focus on several key directions. Greater integration of social,
economic, and policy dimensions into quantitative models is needed in order to better
represent the real-world complexity of water management systems. The development of
clearer and more widely accepted conceptual and operational frameworks for sustainable
water management remains an important task. In addition, further work is required to
enhance real-time decision-support capabilities through the integration of Al and ML
methods, while ensuring transparency, interpretability, and stakeholder trust. Finally,
the incorporation of climate change projections and uncertainty analysis into dynamic
systems models will be essential for supporting adaptive and resilient water management
strategies in agriculture. These directions together form an important agenda for future
interdisciplinary research in the field.
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