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Abstract: This systematic review explores the use of digital twins (DT) for sustainable agri‑
cultural water management. DTs simulate real‑time agricultural environments, enabling
precise resource allocation, predictive maintenance, and scenario planning. AI enhances
DT performance through machine learning (ML) and data‑driven insights, optimizing wa‑
ter usage. In this study, from an initial pool of 48 papers retrieved from well‑known
databases such as Scopus and Web of Science, etc., a rigorous eligibility criterion was ap‑
plied, narrowing the focus to 11 pertinent studies. This review highlightsmajor disciplines
where DT technology is being applied: hydroponics, aquaponics, vertical farming, and ir‑
rigation. Additionally, the literature identifies two key sub‑applications within these dis‑
ciplines: the simulation and prediction of water quality and soil water. This review also
explores the types and maturity levels of DT technology and key concepts within these ap‑
plications. Based on their current implementation, DTs in agriculture can be categorized
into two functional types: monitoring DTs, which emphasize real‑time response and en‑
vironmental control, and predictive DTs, which enable proactive irrigation management
through environmental forecasting. AI techniques used within the DT framework were
also identified based on their applications. These findings underscore the transformative
role that DT technology can play in enhancing efficiency and sustainability in agricultural
water management. Despite technological advancements, challenges remain, including
data integration, scalability, and cost barriers. Further studies should be conducted to ex‑
plore these issues within practical farming environments.

Keywords: digital twin; artificial intelligence; machine learning; precision agriculture

1. Introduction
Agriculture holds a pivotal role in global economies and societies and is fundamental

to human survival and development. Agricultural practices influence environmental sus‑
tainability, impacting soil health, water resources, and biodiversity. Understanding and
innovating in agricultural practices is crucial for addressing global challenges such as food
security, rural development, and sustainable resource management.

Key agricultural inputs—fertilizers, agrochemicals, and water—are critical for en‑
hancing crop productivity [1]. The effective management of these resources is essential
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to ensure agricultural sustainability and environmental protection. Water stands as the
most utilized input among these resources [2], playing a vital role in crop irrigation. How‑
ever, water scarcity is one of the most pressing challenges of our time, with significant
implications for crop yield and food security [3]. Efficient irrigation systems and sustain‑
able farming practices are crucial in mitigating the impact of water scarcity on agriculture.
An improper management of irrigation development can lead to the dual challenges of ris‑
ing aquifer levels and increased salinization in irrigated areas [4]. Various strategies can
be explored to address this problem. But, due to the site‑specific nature of these solutions,
field experiments alone are insufficient to fully validate their effectiveness [5]. Precision
irrigation systems now deliver water directly to crop roots, reducing water loss from evap‑
oration and runoff [6,7]. Additionally, emerging innovations such as microturbine tech‑
nology have shown potential for enhancing energy efficiency and resource management
in agricultural irrigation systems [8].

In recent decades, artificial intelligence (AI) has increasingly been adopted in the agri‑
cultural sector, significantly improving agronomic practices [9]. Whether it is in the field
of genome‑to‑phenome prediction, soil health, farmmachinery, or water management, AI
is proving to be transformative [10–12]. Predicting phenotypic traits from genomic data
remains a challenge, but AI combined with machine learning (ML) enhances accuracy and
efficacy in this area, optimizing crop production [13]. In soil health, AI has been employed
to predict nutrient availability and microbial respiration sensitivity, elucidating the role
of the microbiome and environmental factors in the soil carbon cycle [14]. In farm ma‑
chinery, AI is being used to design and automate operations for tractors, harvesters, and
sprayers, improving efficiency and precision [12]. In water management, the precision pre‑
diction ofwater needs and irrigation practices is advancing, driven byAI‑enabled tools and
technologies [15]. In particular, the development of computer‑based technologies such as
simulations, digital models (DMs), remote sensing (RS) data, Geographic Information Sys‑
tems (GISs), ML, deep learning (DL), and the Internet of Things (IoT) has greatly enhanced
the understanding of parameters characterizing water resource management. Simultane‑
ously, digitalization has become increasingly prominent, with the adoption of new tech‑
nologies and concepts such as smart agriculture, precision farming, and, more recently,
digital twins (DTs).

In the agricultural sector, the adoption of DT technology is steadily increasing [16],
but it is still less mature compared to fields like manufacturing [17]. This lag is due to the
unique complexity of agriculture, which involves the interaction of climatic conditions, liv‑
ing organisms, and non‑living physical elements [18]. Although artificial intelligence (AI)
is not yet widely applied in agriculture, its potential is immense. The integration of AI
with DTs could revolutionize the sector, thanks to AI’s ability to analyze large volumes
of data, identify complex patterns, and make accurate predictions. In particular, AI can
improve water resource management, optimize irrigation cycles, predict adverse weather
conditions, andmonitor crop health in real time [9]. The benefits of combining AI and DTs
in agriculture are manifold. AI can leverage virtual models created by DTs to simulate
future scenarios, predict issues like drought or crop diseases, and provide targeted solu‑
tions [19]. This approach would enhance operational efficiency, reduce resource waste,
and allow farmers to make more informed and timely decisions. Furthermore, AI can
help optimize the use of fertilizers and pesticides, reducing environmental impact and in‑
creasing the sustainability of agricultural practices [20]. In summary, AI, when used in
conjunction with DTs, can offer innovative solutions to address the complex challenges
of modern agriculture, bringing significant benefits in terms of productivity, efficiency,
and sustainability.
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Although various studies have explored DT applications in broader agricultural con‑
texts and covered general technical aspects, supply chain performance, precision agricul‑
ture, and smart farming frameworks [19,21–27], they often fail to specifically address the
critical aspect of water management. Furthermore, the existing literature frequently over‑
looks the maturity levels of DT technology in agricultural water management. This lack of
targeted research leaves a gap in understanding how DTs can optimize water use, thereby
enhancing crop yields and sustainability.

To address this research gap, this review aims to provide a comprehensive analysis
of the development and application of DTs specifically in the context of agricultural water
management. Bymeticulously screening and synthesizing the relevant scientific literature,
this study seeks to encompass a wide range of crucial aspects. These include the specific
tools and techniques employed in DT systems, the types of farms and environments where
these systems are applied, and thematurity levels of the developed technologies. This thor‑
ough examinationwill offer a detailed understanding of the current state of DT technology
in agricultural water management and identify potential areas for future research and de‑
velopment. After the Introduction, Section 2 describes the background. Section 3 covers
the research methodology, which consists of the research questions and eligibility criteria
applied to find studies in the literature for review. Section 4 shows the results of the applied
methodology, the types of DTs, the integration of AI, the available tools, the maturity level
of DT technology in agriculture water, key concepts, and a discussion. Sections 5 and 6
provide the discussion and conclusion, respectively.

2. Background
2.1. AI and Digital Twins

DT technology is an emerging innovation in agriculture that has the potential to rev‑
olutionize resource management, particularly when integrated with AI. DTs create digital
replicas of physical agricultural systems, enabling accurate simulations and an optimized
management of key parameters such as irrigation, fertilization, humidity, and soil resource
availability. With AI, these simulations can be continuously updated and improved by an‑
alyzing large volumes of data, making decision‑making more efficient. The integration
of DTs with AI is one of the most promising advancements in modern agriculture. DTs
allow for the real‑time simulation of crop growth and resource optimization through the
continuous monitoring and precise modeling [28] of environmental and agronomic vari‑
ables. When combined with ML, DTs can significantly enhance agricultural productivity
by improving decision accuracy and reducing resource wastage, including water, fertiliz‑
ers, and pesticides. AI, through data from sensors, satellites, and drones, can analyze large
datasets to identify complex patterns and make accurate predictions [29]. This integration
enables the optimal management of variables like plant spacing, water availability, soil
quality, and light intensity, ultimately improving both productivity and sustainability. AI‑
driven DT models can solve complex problems, such as determining optimal agricultural
parameters to maximize yields while minimizing resource usage. An example of this syn‑
ergy is irrigation optimization. AI combined with DT models can analyze real‑time field
data to monitor soil moisture levels and plant growth, allowing for dynamic irrigation
adjustments that prevent water wastage and mitigate drought risks [30]. This technology
is particularly beneficial in the context of increasing water scarcity. DTs also play a cru‑
cial role in predicting adverse weather events and managing crop diseases. By analyzing
meteorological and biological data, DTs can forecast storms, heat waves, or humidity con‑
ditions [31] that promote disease spread, allowing for preventive measures like targeted
fungicide application. As noted by Rajmis et al. [32], this approach can save costs up to
50 percent, lowering operational costs. Moreover, DTs offer the ability to simulate future
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scenarios, allowing farmers to test different cultivation strategies and optimize resource
use, reducing environmental impact and enhancing sustainability. This technology can re‑
duce pesticide use, promoting more sustainable agricultural practices. DTs also optimize
agricultural supply chains by synchronizing production with market demand, improving
logistics, and reducing food waste [33].

2.2. Remote Sensing and Digital Twins

Satellite and UAV technologies are good for monitoring large‑scale agricultural sys‑
tems and supporting the creation of digital twins (DTs). Remote sensing (RS) data are
essential for virtualization and offer valuable insights into crop conditions and resource
needs. However, the effectiveness of satellite imagery in agriculture is often limited due to
spatial and temporal resolution constraints. UAVs, equipped with advanced sensors such
as RGB, multispectral, hyperspectral, and LiDAR, provide a complementary approach, of‑
fering higher‑resolution data tailored for precision agriculture [34] where traditional low‑
resolution RS data may fall short. High‑resolution RS data are beneficial; however, they
significantly increase data volume. Traditionally, RS has been used for generating land use
land cover (LULC) maps, analyzing soil properties, assessing crop health, and optimizing
irrigation. Recent advancements in data fusion techniques allow for the combination of
high‑spatial‑ and low‑temporal‑resolution data from multiple satellite sources, enabling
more comprehensive and timely information [35]. Integrating satellite data with DT mod‑
els advances agricultural monitoring capabilities by providing real‑time insights and de‑
tailed, three‑dimensional virtual representations of agricultural landscapes, including ter‑
rain and canopy structures [27]. These virtual models enable improved decision‑making
by offering a more in‑depth view of environmental interactions.

DTs are also increasingly applied in water resource management, with notable imple‑
mentations for flood and hazardous assessments [36]. For instance, Brocca et al. [37] devel‑
oped a DT for flood prediction using high‑resolution satellite data, while Chen et al. [38]
utilized digital elevationmodels (DEMs) to construct aDT forwetland environmental stud‑
ies. Such applications highlight the versatility of DT technology across various environ‑
mental domains. In specific cases, like modeling the Poyang Lake wetland, DTs simulate
typical wetland environments, showcasing how these virtual models can support both
environmental conservation and resource management in agriculture, offering a robust
foundation for sustainable practices.

2.3. DT Architecture

A comprehensive and foundational framework for the first DT was established in
2014, marking a significant milestone in the field. This framework encapsulates not only
the physical realm but also extends to the virtual realm, highlighting the intricate connec‑
tion that acts as a crucial link between them [39]. While effective for basic monitoring and
visualization, this model lacks the depth to support advanced capabilities such as intelli‑
gent control, predictive maintenance and closed‑loop feedback.

Stark et al. [40] described DTs as a unique digital representation of a physical asset,
composed of three key elements. The Digital Master refers to the static, model‑based
design of the asset. The Digital Shadow captures real‑time operational and condition
data collected from the physical system. These two components are connected through
an intelligent linkage, which includes algorithms, simulations, and decision‑making pro‑
cesses. This structured separation enables more advanced behavior modeling, supports
simulation‑based optimization, and allows for continuous system learning. As a result,
the three‑layer DT architecture is well suited for the evolving demands of Cyber–Physical
Production Systems (CPPS). This three‑layer DT lacked explicit mechanisms for managing
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services and handling large‑scale, heterogeneous data for Prognostics and Health Man‑
agement (PHM). To address this gap, Tao et al. [41] presented an extended five‑layer DT
model, which has two extended layers, a Service Layer to model and manage functional
operations like monitoring, calibration, and fault diagnosis, and a Data Layer to integrate
and fuse data from physical systems, simulations, services, and domain knowledge. So,
this DT has the ability to handle data from multiple sensors.

Further contributions to the development of DT architectures include the five‑layer
DT model by Ponomarev K et al. [42]. This DT is quite different from the previous ex‑
tended five‑layer DT. While Tao et al.’s architecture was mainly designed for managing
PHM, Ponomarev’smodel takes amore system‑level, IT‑focused approach that spans from
CPS to distributed computing and user interfaces. It introduces practical elements such as
APIs, cloud‑based storage systems, and visualization platforms. This kind of structure
is more suitable for industrial environments where systems are complex and need to be
monitored, controlled, and updated in real time. These DTs focused on system modeling,
data storage, and user interaction. However, they lacked sufficient granularity to separate
edge‑device logic, communication handling, and simulation intelligence. Further, Redel‑
inghus et al. [43] introduced an extended six‑layer DT structure by isolating control logic,
local data storage, IoT gateways, cloud databases, and simulation components. The in‑
troduction of a dedicated IoT gateway layer plays a pivotal role, enabling data filtering,
conflict resolution, safety validation, and efficient transformation between local and cloud
data. This enhancement addresses the limitations of earlier models by facilitating bidirec‑
tional, secure, and scalable communication between physical and cyber spaces. This DT
architecture is more suitable for applications involving multiple interconnected DTs. The
differences between the DT architectures defined above are described in Figure 1.
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The DT architecture can be conceptualized as a structure with three main layers [44].
The first one is a physical layer: the physical layer encompasses real‑world entities, cate‑
gorized according to their stage in the product life cycle. The second is a network layer,
which acts as a bridge between the physical and digital domains, enabling data exchange
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and communication. The third is a computing layer, which includes digital representa‑
tions of real entities, utilizing data‑driven and physics‑based models, along with analytics,
services, and user interfaces. Each layer contains specific DT components (such as hard‑
ware, software, models, and information frameworks) that share common objectives and
interactions, offering complementary functions [45].

2.3.1. Real‑Time Monitoring

The adoption of smart technologies in agriculture is on the rise [46], transforming
farms into systems that operate intelligently. These systems use a variety of tools to sense
and monitor environmental conditions and manage farming equipment effectively [47].
Agricultural water management can be categorized into monitoring and control strategies.
Monitoring strategies include soil moisture, weather, and vegetative parameters, and con‑
trol strategies include open‑loop and closed‑loop methods [48]. The open‑loop method
involves a predetermined schedule or set of rules for irrigation, without real‑time feed‑
back from the environment, while the closed‑loop method, on the other hand, involves
the monitoring and dynamic adjustment of irrigation based on continuous feedback from
sensors [49]. Designing DTs is among the most sophisticated approaches for creating an
intelligent system for monitoring and control [50]. As discussed above, a DT is a virtual
representation of physical objects, so DTs enable real‑time interaction between a physical
object and its digital counterpart. Modifications in the physical object are automatically
reflected in the digital model, and vice versa [51].

2.3.2. Collection and Integration of Data from Multiple Sources

Researchers havemeasured soil moisture using various methods, including soil mois‑
ture sensors, thermal imaging, and remote sensing techniques [52–54]. Sensors and remote
sensing data can be integratedwithDTs to continuously gather data from the physical envi‑
ronment [55,56]. These real‑time data keep theDT updated and enhances decision‑making.

The Internet of Things (IoT) is the network of linked physical devices equipped with
sensors, an IoT platform, and user interfaces, allowing them to gather and share data over
the internet autonomously, without human intervention [57]. The adoption of IoT technol‑
ogy in the agriculture sector is growing rapidly [58]. This technology enhances efficiency,
reduces waste, and supports sustainable farming practices [59]. IoT‑based smart sensors
collect data on soil moisture, temperature, wind, and humidity, which are then analyzed
to assess the soil’s water needs.

Recent advancements in sensor technologies have greatly improved the quality and
accessibility of remote sensing data. These data play a key role in monitoring floods, man‑
aging water resources, and in soil and water conservation efforts in agriculture. Satellite‑
based remote sensing technologies enable the near‑real‑time provision of spatio‑temporal
information for fields. Irrigation, as the primary consumer of agricultural water, benefits
significantly from these developments. Unlike IoT sensors, which provide point‑source
soil moisture data and may not capture the variability across a diverse agricultural envi‑
ronment, remote sensing offers a broader solution. With high‑resolution imagery, it can
deliver pixel‑level data, representing conditions across small areas and plants. Earth ob‑
servation satellites offer an innovative and efficient method for monitoring soil moisture
and other field variables like evapotranspiration [60]. Indices like Normalized Difference
Vegetation Index (NDVI) are commonly applied with crop coefficients (Kc), essential for
determining crop water requirements [61]. Furthermore, Surface Energy Balance (SEB)
methods are used to provide more accurate soil moisture estimates [62]. Satellite imagery
also aids in mapping landscape features like soil type and slope, which are useful for soil
moisture [63]; when combined with IoT sensor data, it enhances the accuracy. ML tech‑
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niques analyze data by automating data processing, segmentation, and feature extraction.
This advanced method streamlines the analysis of large datasets, enabling an efficient and
accurate identification of key features and patterns within the data, ultimately enhancing
decision‑making processes [64]. Now, estimating evapotranspiration [65] and soil mois‑
ture [66] using remote sensing is a well‑established method in agricultural water manage‑
ment. This approach leverages satellite and aerial imagery to monitor and assess water
needs, ensuring efficient irrigation practices and optimizing water use for improved crop
health and yield.

2.3.3. Simulation and Modeling of Various Scenarios

DT technology offers a transformative approach by enabling the simulation andmod‑
eling of various water management scenarios [67,68], such as droughts [69], floods [70],
and optimized irrigation schedules [71]. This innovative application leverages real‑time
data, advanced analytics, and predictive models to enhance decision‑making, conserve re‑
sources, and ensure agricultural sustainability. A simple structure of a DT in the context
of farm water management can be seen in Figure 2. In the context of agricultural water
management, DT technology can be employed for simulating and modeling water quality
in hydroponics and aquaponics, analyzing soil water dynamics, predicting water stress on
plants, and optimizing irrigation scheduling systems.
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3. Materials and Methods
This systematic literature review (SLR) was conducted in accordance with the Pre‑

ferred Reporting Items for Systematic reviews andMeta‑Analyses (PRISMA) guidelines [72],
which are intended to improve the transparency, consistency, and completeness of system‑
atic reviews. The PRISMA framework outlines essential components for reporting, includ‑
ing the rationale for the review, comprehensive search strategies, eligibility criteria, data
collection methods, and synthesis of results. Following these guidelines ensures method‑
ological rigor and facilitates reproducibility, which are critical for the credibility of evidence‑
based research.
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3.1. Research Questions and Databases Searched

A review protocol was established before the bibliographic analysis to systematically
identify, assess, and interpret findings relevant to the research focus. First, this review in‑
vestigates the current applications of DTs in agricultural water management, aiming to un‑
derstand the existing scope and practical implementations of DTs. Then, the focus shifts
to exploring the types of DT models utilized in this domain, providing insights into their
functionalities and their suitability and adaptability for different water scenarios. Further,
the integration of AI with DTs is examined, along with the outcomes achieved through this
combination. This helps evaluate the potential of AI to enhance the predictive and analyti‑
cal capabilities of DT systems. Finally, this review extends to assessing the extent to which
DTs have been applied, including the tools, techniques, the maturity levels of the systems,
and identifying the key benefits associated with implementing DT technologies in precision
agriculture water management. Highlighting these benefits emphasizes DTs’ potential to
improve resource efficiency and decision‑making. These interconnected focal areas collec‑
tively form a comprehensive framework for reviewing the existing literature and advancing
the understanding of DTs in water management practices.

Next, a search strategy was devised to pinpoint the appropriate keywords for the
search string, with the goal of identifying relevant information sources, such as academic
databases and search engines that provide extensive digital documentation. Figure 3 depicts
the step‑by‑step process for extracting studies from prominent scientific research databases,
including Scopus, Web of Science (WoS), ScienceDirect, and IEEE Xplore. Specific search
strings were employed by the authors in these databases to locate pertinent research on
DTs. The following string was used to search the literature after modifications relevant to
each database: (“Water”) AND (“digital twin”) AND (Agri* OR “smart farming” OR “crop”
OR “Precision”).
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3.2. Eligibility Criteria

Finally, to narrow down the search results from each database, the inclusion and exclu‑
sion criteria were predetermined. These criteria help to focus the investigation and evaluate
the content of the selected publications. The inclusion criteria for the study required that
only peer‑reviewed journal articles in English be selected, with a primary focus on agricul‑
tural water management in the context of DT technology. Additionally, the studies needed
to provide relevant answers to the research questions. The exclusion criteria ruled out con‑
ference papers, event and seminar summaries, book reviews, editorials, articles not in En‑
glish, and publications that were not available in full text.

The literature searchprocesswas evaluated through three stages—identification, screen‑
ing and inclusion—as depicted in the PRISMA flow diagram in Figure 3. After filtering the
initial metadata, in total, 93 records were identified (40 from Scopus, 19 from ScienceDirect,
29 fromWoS, and 5 from IEEE Xplore). Then, duplicates were removed during the identifi‑
cation stage, reducing the total to 48 publications. In the screening stage, titles and abstracts
were reviewed,

Some studies initially appeared relevant because their titles, abstracts, or keywords
included terms like ‘digital twin’, ‘water’, and ‘agriculture’. However, after carefully re‑
viewing their titles and abstracts, we found that these articles did not specifically address
our main objective, i.e., exploring the use of DT technology for agricultural water manage‑
ment. Instead, these papers covered broader or indirectly related topics, such as flood man‑
agement, water conservation, indoor farming, livestock management, construction, energy
management, and soil characteristics. Although these topics have some indirect links to agri‑
culture or water management, they did not clearly focus on DT applications specifically for
managing water resources on farms. Therefore, we excluded these 27 studies at this stage
to ensure our review remained targeted and relevant.

After narrowing down our search to 21 papers for a full‑text review, we carefully exam‑
ined each one to see howwell they alignedwith our research questions. We focused on three
key aspects: whether the study truly involved a DT, the type of application, and its practical
relevance to agricultural water management. Some papers described digital simulations or
models as DTs. Other studies discussed applications like indoor farming or fish farm de‑
sign, which, although related to agriculture, do not directly deal with water management
on farms. We also excluded articles focused solely on topics such as soil characteristics, yield
estimation, general agricultural data collection for DTs, or general reviews that lacked clear,
practical field applications specific to water management. After applying these criteria, we
excluded 10 studies, leaving a final selection of 11 papers.

4. Results
This section presents the data extracted during the systematic literature review process,

covering both the planning and conduction phases. The results are subsequently presented,
followed by a corresponding analysis and discussion.

Research on the application of DTs in agriculture began to emerge around 2021, but the
pace of publications indicates relatively modest growth over the subsequent years. Starting
with only a single publication in 2021, the number increased slightly to two publications in
2022 and then reached four publications each in 2023 and 2024. Despite this gradual upward
trend, the limited volume of research suggests that the technology has yet to achieve broad
recognition or widespread adoption within the agricultural water management field. Over‑
all, the data showagrowing the acceptance of studies onDT technology in agriculturalwater
management, emphasizing its growing significance and potential to improve efficiency.
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4.1. DT Application in Agricultural Water Management

Despite the number of publications, research papers specifically addressing crop water
management are very limited, amounting to only 11 papers. Figure 4 presents the crop area‑
wise distribution of these publications.

Appl. Sci. 2025, 15, x FOR PEER REVIEW 10 of 28 
 

links to agriculture or water management, they did not clearly focus on DT applications 
specifically for managing water resources on farms. Therefore, we excluded these 27 stud-
ies at this stage to ensure our review remained targeted and relevant. 

After narrowing down our search to 21 papers for a full-text review, we carefully 
examined each one to see how well they aligned with our research questions. We focused 
on three key aspects: whether the study truly involved a DT, the type of application, and 
its practical relevance to agricultural water management. Some papers described digital 
simulations or models as DTs. Other studies discussed applications like indoor farming 
or fish farm design, which, although related to agriculture, do not directly deal with water 
management on farms. We also excluded articles focused solely on topics such as soil 
characteristics, yield estimation, general agricultural data collection for DTs, or general 
reviews that lacked clear, practical field applications specific to water management. After 
applying these criteria, we excluded 10 studies, leaving a final selection of 11 papers. 

4. Results 
This section presents the data extracted during the systematic literature review pro-

cess, covering both the planning and conduction phases. The results are subsequently pre-
sented, followed by a corresponding analysis and discussion. 

Research on the application of DTs in agriculture began to emerge around 2021, but 
the pace of publications indicates relatively modest growth over the subsequent years. 
Starting with only a single publication in 2021, the number increased slightly to two pub-
lications in 2022 and then reached four publications each in 2023 and 2024. Despite this 
gradual upward trend, the limited volume of research suggests that the technology has 
yet to achieve broad recognition or widespread adoption within the agricultural water 
management field. Overall, the data show a growing the acceptance of studies on DT tech-
nology in agricultural water management, emphasizing its growing significance and po-
tential to improve efficiency. 

4.1. DT Application in Agricultural Water Management 

Despite the number of publications, research papers specifically addressing crop wa-
ter management are very limited, amounting to only 11 papers. Figure 4 presents the crop 
area-wise distribution of these publications. 

 

Figure 4. Breakdown of selected articles. 

2

2

1
4

2

Publication

Hydroponics Aquaponics Vertical Farming Irrigation Plant Water

Figure 4. Breakdown of selected articles.

This distribution shows that certain areas, like irrigation, have received moderate in‑
terest in comparison to others. Irrigation scheduling using a DT optimizes water usage by
creating a virtual model of agricultural systems and employing a predictive model to regu‑
late the plant’s nutrient and water requirements. Wangere et al. [73] developed and tested
a real‑time, automated drip irrigation system using DT technology. This DT can be inte‑
grated into existing manual irrigation setups, thereby reducing the necessity for a complete
overhaul of current systems. Vertical farming, which operates in controlled environments,
benefits from DTs in managing soil moisture and humidity levels [74]. Hydroponics is a
soil‑less method of growing plants using nutrient‑rich water solutions, allowing for precise
control over growth conditions. This technique often leads to faster plant growth and higher
yields compared to traditional soil cultivation [75]. Effective nutrient solution, pathogen,
andweed control is crucial for successful hydroponic farming. Nutrient solutions are partic‑
ularly important, as productivity and yield are closely tied to nutrient consumption and pH
regulation [76]. Similarly, electrical conductivity (EC) and Dissolved Oxygen (DO), which
are important factors [77], can be managed by DTs. Aquaponics is a combination of aqua‑
culture and hydroponics in a symbiotic environment [78]. Various aquaponics conditions—
total dissolved solids (TDSs) in water, pH, nitrate levels, and plant growth—were modeled
using simulation approaches [79]. A DT of a plant refers to a computer model that repli‑
cates the life cycle of a plant and synchronizes with the living organism under different soil,
water, and weather scenarios [24]. These plant DTs leverage real‑time data, mathematical
and simulation models, ML algorithms, and various predictive methodologies to forecast
plant behavior under diverse conditions [80]. Many studies employed process models and
knowledge‑basedmodels to present a framework for developing DTs of plants [81]. Despite
their efforts, these studies did not achieve predictive capabilities or effectively evaluate dif‑
ferent scenarios.

Except for the above, DT technologyhas someother applications in cropmodeling, such
as photosynthesis, root growth simulation, water redistribution by the roots, and canopy
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estimation. However, no studies have detailed the specific procedures involved in these
applications. For instance, Mitsanis C et al. [82] developed a 3Dmodel of a plant, but it lacks
the incorporation of water application in the model.

4.2. DT Typology

Then, we classified the types of DTs used in these cases. According to Verdouw
et al. [83], DTs can be categorized into six different types, though in practice, these features
and classifications may overlap and are not always mutually exclusive. These types are de‑
scribed in more detail below.

Imaginary: An imaginary DT represents an object or system that has not yet been phys‑
ically created. It contains all the essential information required to materialize its physical
version, including functional specifications and 3Dmodels. This type is useful for conceptu‑
alizing new designs and ideas; imaginary DTs are purely hypothetical and do not provide
the data analysis capabilities or maintenance benefits of DTs based on existing physical en‑
tities [84].

Monitoring: A monitoring DT is a digital counterpart that reflects the real‑time or near
real‑time state and behavior of a physical item. It functions to monitor the performance and
environmental factors surrounding its physical counterpart [85]. This form of DT delivers
insights into what is happening or has previously happened with the connected object. It
also provides diagnostic insights, explaining the reasons behind these events by connect‑
ing the object with relevant contextual data. While it excels in real‑time issue identification
and resolution, optimizing production and reducing downtime, it does not inherently offer
predictive or prescriptive insights.

Predictive: A predictive DT is a digital representation that forecasts the states and be‑
haviors of physical things with predictive analytics, including statistical forecasting, simu‑
lations, and ML techniques. It operates dynamically, relying on real‑time or near‑real‑time
data from the physical twin. This type of DT is utilized in various industries to enable
proactive maintenance and optimization [86], thereby reducing downtime and enhancing
efficiency. However, it requires substantial historical data for accurate predictions and may
not account for unexpected events or environmental changes [87].

Prescriptive: A prescriptive DT is an intelligent digital entity that recommends correc‑
tive and preventive actions for real‑life objects using optimization algorithms and expert
heuristics. It leverages the outputs from monitoring and predictive DTs to suggest actions
that can achieve desired outcomes. Prescriptive DTs provide actionable insights to improve
performance and enable proactive maintenance and optimization [88]. However, these rec‑
ommendations require substantial historical data for accuracy and may not account for un‑
foreseen events or environmental changes. Human decision‑makers ultimately trigger and
execute the recommended interventions [89].

Autonomous: An autonomous DT operates independently, fully controlling the behav‑
ior of real‑life objects without human intervention. These twins can self‑learn, self‑diagnose,
and adapt to user preferences, optimizing performance and reducing downtime. While they
reduce the need for human involvement and enhance efficiency, they require substantial his‑
torical data and complex algorithms for accurate decision‑making and may not account for
unforeseen events or changes in the environment [90,91].

Recollection: A recollectionDTmaintains a comprehensive historical record of physical
objects that no longer exist in real life, serving as a digital memory [92]. This type of DT
captures and stores data about a physical entity for future analysis, which can help reduce
environmental impacts of disposal, optimize future generations of objects, and trace product
quality and safety issues. While it is valuable for analyzing past performance and optimizing
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new designs, it is limited to historical data and cannot provide real‑time insights, requiring
sensors and other technologies for data capture.

Due to the overlapping functions of these categories, drawing clear distinctions be‑
tween them proves challenging. Despite this, we tried to apply these categories to our stud‑
ies to explore their practical applications in agricultural water management. The growing
number of studies in recent years highlights the increasing recognition of DTs’ potential to
enhance agricultural efficiency and sustainability, Table 1. For aquaponics, hydroponics,
and vertical farming, essential water quality parameters are pH, DO, electrical conductiv‑
ity (EC), and nitrates. Additionally, humidity is a critical parameter in controlled environ‑
ments. These parameters require real‑time monitoring and immediate control to maintain
optimal conditions for plant and fish growth. In contrast, irrigation water management en‑
compasses not only monitoring and controlling water use but also predicting future water
needs based on weather conditions. Since evapotranspiration rates increase with tempera‑
ture, crop water requirements fluctuate accordingly. Therefore, effective irrigation manage‑
ment must consider these variations to ensure efficient water use. While the typology of DT
technology presents overlapping functions, our categorization into monitoring and predic‑
tive DTs provides a useful framework for understanding and applying DTs in agricultural
water management. Monitoring DTs ensure real‑time control of water quality parameters,
while predictive DTs allow for proactive irrigation planning, addressing the dynamic nature
of crop water requirements.

Table 1. Applications, environments, and types of DTs.

Case No Application Environment Type of DT Reference Author
1 Irrigation Soil–water Predictive [93] Alves et al.

2 Irrigation Soil–water Predictive [94] Bellvert et al.

3 Irrigation Air–humidity Predictive [95] Rahman et al.

4 Irrigation Soil–water Predictive [96] Manocha et al.

5 Plant Water Soil–water Predictive [97] Zohdi

6 Plant Water Soil–water Predictive [98] Chitu et al.

7 Vertical Farming Soil–water
Water Quality Predictive [99] Batarseh et al.

8 Aquaponics Water Quality Predictive [100] Ghandar et al.

9 Aquaponics Water Quality Monitoring [101] Mahmoud et al.

10 Hydroponics Soil–water Monitoring [102] Sung et al.

11 Hydroponic Water Quality Predictive [103] Reyes Yanes et al.

The use of predictiveDTs suggests a shift towards proactivemanagement in agriculture,
aiming to anticipate and address issues before they occur. In contrast, monitoring DTs are
more focused on real‑time data collection and immediate responses. Figure 5 shows the
result of selected papers for DT types in all disciplines.
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4.3. AI Integration

Agricultural growth and productivity assessments, traditionally conducted through di‑
rect observation, can now be minimized by integrating AI. ML and DL serve as simulation
models. Real data are input into the prediction model, which then produces a decision. In
agriculture, once the model is properly trained, validated, and verified digitally, it can of‑
fer insights on factors like soil moisture, irrigation, fertilizer recommendations, and plant
growth for real‑world applications. In the context of decision‑making regarding irrigation
requirements, the integration of advanced machine learning techniques such as the Fuzzy
Inference System offers a promising approach [104]. In our review, Manocha et al. [96] use
Adaptive Neuro Fuzzy Inference System (ANFIS) with a cloud computing environment.
With a comparative testing accuracy of 95.85%, theANFIS‑GAmodel demonstrates superior
precision in predicting soil conditions. This is particularly striking when compared to the
standalone ANFIS model, which achieves 91.77% accuracy, alongside the Fuzzy Inference
System (FIS) (89.68%) andANN (90.86%). Its application could significantly reduce resource
consumption. In another study, Alves et al. [93] use a fuzzy inference system for irrigation
recommendation. The findings of their study show that the proposed system can effectively
gather the necessary data to generate daily irrigation recommendations. Rehman et al. [95]
introduce an automated system for plant irrigation within the greenhouse, using moisture
data and their relationship with temperature to control irrigation. Among the various ML
algorithms applied, including RF, SVM, and Adaptive Boosting, ANN demonstrated the
highest accuracy, achieving 98%. In aquaponics, AI can be used to predict the system vari‑
ables like water quality parameters, plant growth, and fish growth. Ghandhar et al. [100]
develop models using LR, SVR, and CART Decision trees, in addition the ensemble method
of XGB boost with decision trees. The best model for predicting plant growth was a simple
linear regression.

4.4. Maturity Level

Then, we classified the use cases based on their Technology Readiness Level (TRL) to
determine the maturity of DT technology in agricultural water management. The TRL scale
is a framework used by the European Union to measure the maturity of a specific technol‑
ogy [105]. It ranges from TRL 1, where basic principles are observed, to TRL 9, where the
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technology is fully integrated into operational use. This scale provides a structured pathway
for evaluating technological progress, aiding in decision‑making for funding and develop‑
ment stages and helping in identifying andmitigating risks early in the technology develop‑
ment process [106]. Pylianidis et al. [23] grouped these nine European Union’s TRL scales
further into three broad categories, conceptual, prototype, and deployed phase, as shown
in Table 2, to address the maturity level of technology.

Table 2. Technology Readiness Level (TRL) scale.

TRL No Technology Readiness Level Description Maturity
1 Basic principles observed

Conceptual Phase
2 Technology concept formulated

3 Experimental proof of concept

Prototype Phase
4 Technology validated in lab

5 Technology validated in relevant environment

6 Technology demonstrated in relevant environment

7 System prototype demonstration in operational environment
Deployed Phase8 System complete and qualified

9 Actual system proven in operational environment

The integration of IoT and remote sensing techniques is essential for developing DTs in
agriculture, providing necessary data for accurate digital models. Key sensors include pH,
electrical conductivity (EC), nitrate, and turbidity sensors for aquaponics and hydroponics,
as well as humidity and light intensity sensors for vertical farming. Soil moisture sensors
and remote sensing are crucial for irrigation, while flow meters and pressure sensors are
used across all applications to control water flow.

Table 3 shows thatmost DT technologies for agriculturewater are still in the conceptual
and prototype phases, which indicates the complex relationship between plants, soil, the
environment, and water requirements.

Table 3. AI integration and DT maturity level.

Case
No Application AI Integration DTMaturity

Level Technology Used Reference Author

1 Irrigation

Fuzzy Inference
algorithm used to

determine
irrigation

recommendation

Prototype

IoT Sensors, actuators, FIWARE
IoT platform, plant simulation

using SQL database,
Programmable Logic Controller

(PLC), Open Platform
Communications Unified

Architecture (OPC UA) servers,
Sprinkles, Grafana for data
analysis, OPC UA server to
simulate irrigation system

[93] Alves et al.

2 Irrigation

ML used to
measure land

surface
temperature

Prototype

Soil moisture sensor, irrigation
decision support system (DSS)

using soil water balance
simulations, satellite images using
Sentinel, fraction of intercepted

photosynthetically active
radiation (fIPAR)

[94] Bellvert et al.
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Table 3. Cont.

Case
No Application AI Integration DTMaturity

Level Technology Used Reference Author

3 Irrigation

Artificial Neural
Networks

(ANNs), Random
Forest (RF),

Support Vector
Machine (SVM),
and Adaptive

Boosting used for
irrigation

management

Prototype Sensors (temp, moisture,), IBM
Watson as IoT platform [95] Rahman et al.

4 Irrigation

Adaptive
Neuro‑Fuzzy

Inference System
(ANFIS) used to

calculate
irrigation

requirement

Prototype
IoT, thermal imaging for

evapotranspiration, Ubidots as
IoT platform

[96] Manocha
et al.

5 Plant Water
Genetic

Algorithms
(GAs)

Prototype Satellite images, LiDAR, physics
engine [97] Zohdi

6 Plant Water No Information Prototype Satellite images, sensors (soil,
moisture) [98] Chitu et al.

7 Vertical farming
AI used but no
mention of any

specific technique
Prototype

Sensors (pH, temp, EC, water
level, water flow, nitrate,
turbidity, soil probes),

cyber–physical system, ACWA
simulator

[99] Batarseh
et al.

8 Aquaponics

Linear regression
(LR), Support

Vector
Regression (SVR),

XGB, CART
decision trees
models used to

determine system
variables

Prototype

Sensors (temp, DO, pH, light
intensity, EC,0), IoT platform,

cyber–physical system, Dynamic
Data‑Driven Application System

(DDDAS)

[100] Ghandar
et al.

9 Aquaponics No information
about ML Prototype

Sensors (PH, temp, DO, light,
pumps, and actuators), Raspberry

pi as IoT platform, Firebase
[101] Mahmoud

et al.

10 Hydroponics No information
about ML Prototype

Sensors (temp, DO, pH, light
intensity, EC), big data analytics,
cyber–physical system, Secure
Multi‑Crop Smart Irrigation

System (SMCSIS)

[102] Sung et al.

11 Hydroponics

DL is used to
estimate growth
rate and weight

of plants

Prototype

Sensors (temp, DO, pH, light
intensity, EC,), CropKing® NFT
Desktop System, Raspberry pi as

IoT platform.

[103] Reyes Yanes
et al.

4.5. Key Concept and Applications

Implementing DT technologies in agricultural water management offers significant
benefits across irrigation, hydroponics, aquaponics, and plant and vertical farming.

4.5.1. Digital Twins in Irrigation

Alves et al. [93] designed a DT for managing irrigation in smart farming with a focus
on water conservation. The system integrates a FIWARE‑based IoT platform with a discrete
event simulation model powered by Siemens Plant Simulation software. It collects and pro‑
cesses data related to soil, weather, and crops to generate daily irrigation recommendations.
A Fuzzy Inference System, a form of rule‑based AI, was employed to generate irrigation
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recommendations based on environmental data. The DT enables a continuous real‑time ex‑
change of data between physical elements, such as sensors and actuators, and their digital
models. Thismethod aims to increasewater use efficiency, optimize irrigation practices, and
allow for the testing of various irrigation strategies before they are implemented in the field.

Bellvert et al. [94] developed a DT system for automated irrigation scheduling in a com‑
mercial vineyard utilizing Sentinel‑2 biophysical variables. The study validated the use of
near real‑time fAPAR data to optimize irrigation through regulated deficit irrigation (RDI)
strategies. This DT integrated soil moisture sensors, weather data, and remote sensing in‑
puts to determine precise irrigation requirements. The findings indicated strong correla‑
tions between fAPAR and in situ measurements, enabling efficient water management. The
system allowed for adaptive responses to changing conditions, ensuring optimal water us‑
age and enhancing vine stress management during various growth stages.

Rahman H et al. [95] developed a DT framework for managing smart greenhouses,
utilizing next‑generation mobile networks and ML. This system employs the IBM Watson
platform for IoT operations. They developed ML algorithms for predictive analytics and
decision‑making, enabling the activation of irrigation systems based on humidity levels and
the regulation of internal greenhouse temperatures. Notable advancements include the de‑
ployment of 5G networks for uninterrupted data transmission and the capacity for expan‑
sion through commercial cloud technologies.

Manocha et al. [96] proposed a smart irrigation framework utilizing DTs, IoT, andAI to
addresswater usage inefficiencies in agriculture. The framework integrates physical sensors
and actuators with virtual counterparts to create a DT that simulates the irrigation system’s
behavior. The goal of this system is to enhance decision‑making and water conservation by
processing data collected from IoT devices to determine daily irrigation needs. Key benefits
include evaluating system performance before field implementation and comparing various
irrigationmethods, ultimately improving farm operations and reducingwater consumption
by providing real‑time information on soil, weather, and crops.

4.5.2. Digital Twins in Plant Water

Zohdi [97] developed a ML‑based DT framework to optimize agriculture biomass at
large scales. It integrates real‑world data from LiDAR and multispectral sensors with simu‑
lations to create digital replicas of agricultural systems. This DT optimizes key variables like
plant density, water availability, light intensity, and soil quality, etc., to predict the biomass.
A physics engine models plant growth, while Genetic Algorithms solve complex optimiza‑
tion problems. The framework is scalable, supporting small farms to large plantations.

Chitu et al. [98] developed a DTmodel to simulate and optimize corn, wheat, and rape‑
seed yields using real‑time data from IoT sensors, satellite imagery, and previous records.
The model integrates key variables like soil moisture, rainfall, irrigation, temperature, nu‑
trient levels, and climatic factors to adapt farming practices, including seeding and fertiliza‑
tion. It highlights the importance of water and nitrogen management in improving yields.
It supports predictive analytics for resource optimization, offering a sustainable solution for
precision agriculture.

4.5.3. Digital Twins in Vertical Farming

Batarseh et al. [99] introduced the ACWA (AI and Cyber for Water and Agriculture)
testbed, an advanced system addressing challenges inwater resourcemanagement and agri‑
culture, including vertical farming water and soil relationships. Integrating AI, ACWA facil‑
itates innovative experimentation. The testbed features modular topologies, sensors, com‑
putational clusters, pumps, tanks, and smart water devices, enabling dynamic simulations
of water distribution and soil scenarios. It generates datasets for AI model development,
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water quality analysis, and leakage detection. With high‑frequency data collection, ACWA
supports detailed analysis and data‑driven decision‑making, offering an open‑access repos‑
itory to foster collaboration and advancements in sustainable practice.

4.5.4. Digital Twins in Aquaponics

Ghandar et al. [100] described a decision support system for urban agriculture that uti‑
lizes a DT framework and ML to optimize aquaponics. The system employs sensors for
monitoring parameters such as water quality, including pH and turbidity, and other critical
variables like DO, temperature, and TDS. The paradigm of a Dynamic Data‑Driven Appli‑
cation System (DDDAS) is implemented, with data processed through a Raspberry Pi. The
simulation operates as a series of modules, covering aspects such as fish feed, TDS, fish
weight gain, pH, nitrates, and plant growth, ensuring a comprehensive and integrated ap‑
proach to managing urban agriculture systems.

Mahmoud et al. [101] introduced an economic smart aquaponic system leveraging IoT
and DT technologies to enhance sustainability and efficiency in aquaculture and hydropon‑
ics. The system integrates physical sensors for the continuous monitoring of key param‑
eters, including pH, temperature, water level, DO, and sunlight intensity, managed by a
Raspberry Pi. Data are synchronized in real‑time using the Firebase platform, facilitating
remote supervision and control via IoT. The system prioritizes water quality over irriga‑
tion requirements, aiming to reduce labor costs and enhance productivity. This approach
simplifies operation, improves resource management, and lowers human intervention by
approximately 70%.

4.5.5. Digital Twins in Hydroponics

Sung et al. [102] explored the implementation of DT technology in agriculture. The
study presents a DT architecture for smart farms, detailing its application at both labora‑
tory and field levels. The design of the smart farm is comprehensive, incorporating ICT,
IoT, big data analytics, and smart equipment to enhance productivity and efficiency. A no‑
table component is the Secure Multi‑Crop Smart Irrigation System (SMCSIS), which, while
focused on irrigation, exemplifies the broader applicability of DT in smart farming. The
paper also discusses future research directions for expanding DT applications in various
agricultural domains.

Reyes yanes et al. [103] presented a comprehensive framework for developing a DT
of hydroponic grow beds in intelligent aquaponic systems. The framework integrates IoT
technology, databases, centralized control, and a virtual interface, enabling real‑time mon‑
itoring of key parameters such as pH, electroconductivity, water temperature, relative hu‑
midity, air temperature, and light intensity. TheDT supports the use of techniques to predict
crop growth rate and freshweight, offering a robust platform for optimizing aquaponic crop
yields and reducing labor costs by providing real‑time feedback and control.

To our knowledge, this research study represents the first systematic literature review
(SLR) on water management in agriculture using DTs. We identified 48 papers and selected
11 high‑quality primary studies for detailed analysis. Most of these studies have been iden‑
tified through the Web of Science database.

4.6. Limitation of Search

There are some limitations that may have affected our literature review. Our query
string exclusively on the term ‘digital twin’, excluding aliases such asAI,ML, DL simulation,
CPS, DSS, IoT, Digital Model, and other similar terms. AI has long been utilized in smart
farming and precision agriculture. Simulations have been employed for water quality and
crop irrigation for many years [107]. However, the emergence of the term ‘digital twin’ (DT)
marks a significant advancement in this field. DTs mostly utilize AI, simulations, CPS, and
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the IoT to create dynamic models of physical agricultural systems, but not all simulation
models and IoT systems qualify as DTs.

To limit the articles and focus on our objective, we ensured that the term ‘digital twin’
appeared at least once in the title, abstract, and keywords of the selected studies. There may
be some other articles on DT technology in agriculture water management, but it is unlikely
that an article would omit the term ‘digital twin’ from the title, abstract, and keywords. We
searched for articles in all well‑known databases. While it is possible that additional articles
exist in other databases, we believe that if well‑known databases contain limited papers on
this topic, other databases are likely to have even fewer. Therefore, we think finding ad‑
ditional papers elsewhere will not significantly affect our review. Additionally, PRISMA
guidelines do not impose a minimum number of articles for a systematic review.

5. Discussion
The reviewed literature highlights the growing adoption of DT technology in agricul‑

ture, particularly in water management. DTs have demonstrated their potential to address
critical challenges related to water scarcity, sustainability, and efficiency. In irrigation, DTs
are employed to monitor soil moisture, evapotranspiration, and predict irrigation water re‑
quirements by integrating ML, models, AI, IoT sensor data, remote sensing data, and deci‑
sion support models [108]. These technologies also facilitate the management of plant water
availability, which impacts growth and productivity through inputs such as rainfall, irriga‑
tion, and soil moisture [109].

DT applications extend beyond traditional irrigation systems to advanced setups such
as hydroponics and aquaponics, where they maintain water quality by continuously moni‑
toring parameters like pH, nutrient concentration, and temperature. This ensures the health
and productivity of both plants and fish, preventing potential issues through real‑time ad‑
justments. The analysis indicates that DTs are primarily used for predictive purposes, fo‑
cusing on soil–water interactions and water quality management. Based on the review,
DT applications can be categorized into monitoring DTs and predictive DTs. Monitoring
DTs emphasize real‑time data collection and immediate response to changes in water qual‑
ity and environmental conditions, crucial for systems like aquaponics, hydroponics, and
vertical farming. Predictive DTs, on the other hand, forecast future water requirements by
integrating weather data and other environmental variables, enabling proactive irrigation
management to optimize water use and improve crop yields.

Several tools and platforms were identified as integral to DT systems. MongoDB, a
NoSQL database, is particularly effective in handling large volumes of unstructured data
generated by IoT devices and remote sensing systems, ensuring scalability and efficiency
in data storage [110]. Node‑RED, a flow‑based development tool, integrates IoT devices,
streamlining the collection and processing of sensor data for real‑time decision‑making in
DT systems [111]. R Dashboards enable real‑time visualization of system performance,
providing actionable insights to enhance water management and system efficiency [112].
Python, due to its extensive libraries such as Pandas, NumPy, and Scikit‑learn, supports AI
development by enabling data analysis, model building, and automation tasks [113]. Ten‑
sorFlow and Keras simplify the creation and training of deep learning models, allowing for
advanced predictive analytics [114], such as forecasting irrigation needs or simulating crop
growth scenarios under different environmental conditions.

Raspberry Pi, Ubidots, and FIWARE aggregate sensor data, feeding them into DT sys‑
tems for real‑time monitoring and predictive analytics. Despite their potential, most stud‑
ies remain at the prototype stage, with only a few implemented in actual field conditions.
This highlights significant challenges, including the complexity and variability of agricul‑
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tural environments, the need for reliable high‑resolution data, and the integration of diverse
sensor types.

DT technologies also provide substantial benefits across various agricultural practices.
These include real‑time monitoring and control of water usage, predictive maintenance to
minimize downtime, resource optimization in water‑scarce areas, and enhanced decision‑
making based on comprehensive data. Additionally, DTs contribute to cost savings through
optimized water use and reduced maintenance expenses while promoting sustainability by
minimizing water waste and environmental impact. Their versatility allows customization
and scalability across different agricultural setups. Moreover, DT technology has been ap‑
plied in several agriculture‑related areas, including crop production [115], livestockmanage‑
ment [116], and farm robotics [117]. In crop production, DTs support monitoring, resource
optimization and decision‑making for cultivation practices. In livestock, they enable real‑
time monitoring and management of animal health and performance. In farm machinery
and water pumps, DTs help monitor equipment status, predict maintenance needs, and im‑
prove operational efficiency. These applications demonstrate the growing potential of DT
in modernizing various aspects of agriculture.

Overall, DT technologies enablemore efficient, sustainable, andproductive agricultural
practices by leveraging real‑time data and simulations to optimize water management.

5.1. Practical Impact of DTs on Water Management

DT technology is rapidly changing how farmers manage water, helping them make
smarter, clearer decisions based on real‑time data. By creating digital copies of actual farms,
DT allows farmers to see exactly what’s happening in their fields without guesswork. In‑
stead of relying on traditional methods, which often involve trial and error, farmers can
now use these virtual models to apply water precisely where and when it is needed. This
helps conserve water, cuts unnecessary costs, and ultimately improves the health and pro‑
ductivity of crops. One key benefit of DTs is their ability to test different scenarios virtually.
For example, farmers can simulate how their cropsmight react to drought, heavy rainfall, or
sudden changes in weather. This means they can explore different strategies safely, without
risking their real crops. Such preparation helps reduce risks andmakes farmsmore resilient
to unpredictable climate conditions. Additionally, DTs can quickly identify early signs of
stress in plants or changes in water quality. Early detection gives farmers a chance to act
promptly and avoid losses or damage. Another important advantage is that DT technology
is flexible enough to work well for both large‑scale farms and smaller family‑owned farms.
On bigger farms, DTs help manage complex irrigation networks more efficiently, keeping
costs down and productivity high. For small‑scale farmers, DTs offer affordable tools to use
limited resources wisely, helping them stay competitive and sustainable.

Overall, DT technology offers farmers practical and effective ways to handle modern
challenges like water shortages, rising costs, and uncertain weather patterns. By making
better‑informed decisions, farmers can use their resources efficiently, reduce risks and achieve
higher profitability, creating stronger, healthier, and more sustainable farming operations.

5.2. Scalability

One critical aspect of adopting DTs in agriculture, especially in areas like irrigation,
hydroponics, aquaponics, and vertical farming, is their scalability and the ease with which
these systems can grow fromsmall experimental setups to larger farms. For instance, smaller
farms often face a significant digital divide, where limited financial resources and technical
know‑how make adopting advanced DT systems challenging, while platforms using open
and flexible standards (such as FIWARE‑based frameworks and OPC UA communication
protocols) are designed explicitly for scalability.
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In aquaponics, DT systems built around IoT technologies are indeed scalable because
they simplify operations and reduce the need for highly specialized skills. Yet, even with
these advantages, managing biological systems where fish and plants closely interact re‑
mains complex. This complexity requires significant technical knowledge, which can slow
down or limit widespread adoption. Similarly, DT frameworks proposed for vertical and
smart farming aim to help farmers better manage resources without needing constant on‑
site presence or specialized training.

Finally, IoT‑basedDT frameworks intended for irrigationmanagement are described as
highly adaptable across different scales, from small‑scale farms to larger agricultural opera‑
tions. This adaptability is especially important in arid regions, where scalable, cost‑effective
solutions are crucial to addressing limited water resources and dense agricultural practices.

5.3. Practical Barriers

While DTs present significant potential for agricultural applications, several imple‑
mentation barriers must be addressed. A primary challenge involves the requirement for
specialized technical expertise and sustained support systems. The sophisticated nature
of these systems, which integrate advanced sensors, machinery, and digital platforms, re‑
quires reliable access to technical specialists. This requirement poses particular difficulties
for small‑scale operations, consistent with historical patterns of slower digital adoption in
agriculture sectors.

Data integration presents another substantial obstacle. Combining heterogeneous data
streams from soil sensors, meteorological stations, remote sensing platforms, and historical
production records into a unified DT framework requires skills and expertise. The availabil‑
ity of high‑speed internet is still a problem in remote areas [118]. Each data source demands
specific processing protocols and interpretive methodologies, complicating both initial im‑
plementation and ongoing system maintenance. Environmental variability is another un‑
certainty in predictive models.

Another major barrier is the need for physical infrastructure. Setting up sensor net‑
works across large agricultural areas requires a high upfront investment and careful plan‑
ning for proper installation and coverage. The continuousmaintenance ofmonitoring equip‑
ment and data transmission systems and a reliable algorithm [119] are essential for ensuring
data reliability. These substantial resource requirements may deter adoption without clear
demonstrations of system efficacy through robust pilot testing and simulation validation.

5.4. Economic Viability

The economic feasibility of DTs significantly influences their agricultural implementa‑
tion. Their adoption faces substantial financial barriers, particularly for small‑scale opera‑
tions. Initial investments in sensor networks, drones, and data infrastructure create notable
entry barriers, compounded by ongoing maintenance and technical support costs.

Aquaponic systems illustrate these challenges well, as their high equipment costs and
labor expenditures, frequently reaching 50% of operational budgets, limit adoption. How‑
ever, the study by Ghandar A et al. [100] demonstrates that DT automation can reduce labor
costs by up to 70%, with IoT integration showing significant operational savings. Irrigation
systems similarly achieve improved cost‑effectiveness through DT approaches.

The technology’s long‑term economic potential is clear, but widespread adoption re‑
quires overcoming initial cost barriers and demonstrating tangible financial benefits across
different farm scales. This necessitates strategic implementation planning and scalable solu‑
tions tailored to varying operational capacities.
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6. Conclusions
In conclusion, our SLR emphasizes the trend and potential of DTs in the domain of

agriculture water management. As the agricultural sector increasingly recognizes the im‑
portance of sustainable water use, DTs emerge as a promising tool, yet their adoption is still
in nascent stages. The complexity and heterogeneity of agricultural environments present
significant challenges to the widespread implementation of DT technology. The current ap‑
plications of DTs in agriculture water primarily include irrigation, hydroponics, aquaponics,
and vertical farming. These applications are predominantly in their initial phases, often con‑
fined to prototype stages. Themajority of data acquisition for these DT systems is facilitated
through AI, ML algorithms, IoT technologies, and remote sensing, which enable real‑time
data collection, monitoring, and prediction.

The types of DTs, both with and without AI technologies, discussed in the reviewed
studies primarily focus on monitoring and predictive capabilities. These enable the precise
monitoring of water quality in hydroponics and aquaponics systems and the prediction of
irrigation needs.

Future Perspective

Virtual models utilizing real‑time and continuous data about agricultural assets can
predict and resolve hidden problems in the field. DTs offer solutions to minimize weather‑
related risks by providing real‑time forecasting and predictive simulations. By integrating
data from satellites, weather stations, and IoT‑enabled field sensors, DT models generate
highly accurate weather predictions, allowing farmers to optimize planting, irrigation, and
harvesting schedules. For instance, a study by Kim and Heo [56] demonstrated the success‑
ful application of a DT system in an open‑field mandarin orchard, where predictive ana‑
lytics helped farmers mitigate weather‑induced hazards, optimize resource allocation, and
significantly reduce crop losses. Similar approaches have been employed in the context of
agricultural machinery. A recent study conducted by Yin Y et al. [120] has demonstrated
the effective development of a DT specifically designed for combine harvesters. This sys‑
tem integrates detailed modeling of component motions, real‑time sensor data collection,
and predictive analytics, significantly enhancing operational efficiency and accuracy in har‑
vesting tasks. However, there is a noticeable absence of comparative studies between tradi‑
tional CPSs and those integrated with AI and DTs, which could provide valuable insights
into the relative advantages and drawbacks of these approaches. Future research needs
to address critical aspects such as the quantifiable savings in water usage, its integration
with climate models, the efficiency of the system, the economic feasibility of DT implemen‑
tation, and its impact on agricultural yield. Works on these aspects will directly address
the application of DT in agriculture water management. To realize its full potential, fur‑
ther research and development are necessary, focusing on practical applications, economic
assessments, and collaborative efforts to bridge the gap between theoretical concepts and
real‑world implementation.
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