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H I G H L I G H T S 
 

• Agricultural digital twins replicate real farms to enhance decision-making. 

• Digital twin advance farm automation using IoT, AI, AR/XR and related technologies. 

• Multiple application areas of digital twin in agriculture is explored. 

• Multiple application areas of digital twin in Mediterranean cereal agriculture are explored, from soil-irrigation management to post-harvest quality preservation. 

• Potential applications and challenges specific to rain-fed and supplementary-irrigated cereal systems are discussed. 

 
 

 
A R T I C L E  I N F O A B S T R A C T 

 
  

Keywords: 

Agriculture 

Cyber physical systems 

Federated learning 

Digital twin 

Smart agriculture 

Smart farming has introduced agricultural systems that are increasingly autonomous and highly interconnected, yet 

their application to Mediterranean cereal production remains underdeveloped. The Agricultural Digital Twin (ADT) 

represents an innovative breakthrough for smart farming in the Mediterranean basin, with the potential to greatly 

improve productivity and sustainability in cereal systems exposed to terminal drought, high inter-annual rainfall 

variability, and soil spatial heterogeneity. Simulation using theoretical and static models has long been a 

conventional tool for verifying, validating, and optimizing agricultural tasks. With the emergence of next-generation 

information technologies, data availability has increased manifold. Digital twin (DT) modeling is essential for 

accurately representing the physical entity, providing functional services and meeting the requirements of modern 

Mediterranean cereal farms. This study provides a detailed analysis of the key aspects of ADTs in Mediterranean 

cereal contexts, offering deeper insights into potential application areas and discussing major implementation 

challenges. The CERERE project, funded under the PRIMA Mediterranean Partnership for Research and 

Innovation, specifically addresses the crop-modeling and socio-technical challenges of deploying DT technology in 

Mediterranean cereal systems. This study explores applications of ADT in controlled environment pre-breeding, soil 

and irrigation management under water scarcity, crop monitoring and cultivation support for durum wheat and 

barley, post-harvest activities, and agricultural machinery optimization. Given that DT technology is relatively 

nascent in Mediterranean cereal agriculture, this study provides valuable research direction to stakeholders involved 

in integrating digital twins into cereal production processes through research and development.



 
 

 

1. Introduction 

 

 

 

 

By 2050, the global population is projected to exceed 9.7 billion, 

demanding a 60% increase in cereal production compared to 2005–2007 

baselines [1,2], it is essential that we accelerate food production. This is 

particularly crucial given the increasing scarcity of resources on our 

planet [3]. From the early days of mechanization, where tractors and 

simple machinery began to replace manual labor, to the current era of 

data- driven technologies, agriculture has constantly adjusted to 

support the growing demands of the global population [4]. Digital 

agriculture refers to the utilization of communication, information, and 

spatial analytics technology by end users to effectively plan, track, and 

control the operational and strategic decisions of their agricultural 

system [5]. 

Smart farming, a subset of digital agriculture involves monitoring mul- 

tiple parameters to enhance crop productivity and optimize variables 

such as the prevailing environmental conditions, irrigation methods, 

pest and fertilizer management, weed control, soil quality, greenhouse 

conditions, and cost reduction of process inputs [6–9]. Data-driven 

decision-making has become more feasible as computers are now ca- 

pable of performing tasks that were once exclusive to humans, such 

as complex communication and advanced pattern recognition [10,11]. 

Modern smart farms utilize the cutting edge technologies such as Inter- 

net of Things (IoT), big data, artificial intelligence (AI), and automation 

throughout every stage of producing, harvesting, packing, transporting, 

and consuming agricultural commodities [12–14]. The combination 

 
 

 



2 

 

 

 

 
 

/ig. 1. Overview of digital twin technology. 

 

of above-mentioned technologies improves the effectiveness of agri- 

cultural management by offering a plethora of benefits [15,16]. IoT 

devices including sensors, gather massive amounts of data related 

to soil properties, crop parameters, weather conditions, and different 

equipment performance for efficient farm management [17,18]. 

The above-mentioned cutting edge technologies extend capabilities 

beyond the physical system, offering enriched information and deeper 

insights into physical structures. Digital Twins (DTs) are central to this 

advancement, delivering detailed and accurate information on physical 

systems, far exceeding the capabilities of conventional modeling and 

simulation approaches [19–21]. By utilizing real-time data acquisition, 

organization, processing, and analysis, DTs provide a digital representa- 

tion of physical systems, enabling accurate monitoring and forecasting 

of both present and future states, as well as the reconstruction and 

redesign of existing models, systems, and procedures [22]. Both the IoT 

and DT revolve around the utilization of resources. In the field of IoT, 

resources refer to devices that are linked to the internet, enabling inter- 

action between individuals and their devices either directly or through 

a software system [23,24]. Within the framework of DT, resources are 

described in a more flexible manner, encompassing assets, devices, and 

both physical and virtual entities. Both notions adhere to the belief that 

communication between resources should primarily occur through 

machine-to-machine (M2M) contact, minimizing human involvement 

[25,26]. Furthermore, the creation of an intelligent DT system necessi- 

tates the use of sophisticated AI algorithms on the gathered data [27]. 

In order to achieve this goal, intelligence is attained by enabling the DT 

to identify, optimize, and make dynamic decisions based on data from 

physical sensors and/or virtual twin models [28]. 

The utilization of DTs in agriculture has the potential to revolu- 

tionize agricultural methods by generating a virtual model of actual 

objects and operations [29–31]. This allows for continuous monitoring, 

simulation, and optimization in real-time. These systems have the capa- 

bility to simulate whole farms, including crops and livestock, accurately 

predict outcomes, and simulate different scenarios using real-time data 

[32,33]. When applied to agriculture, DTs enable a seamless flow of 

information between farm assets, biological processes, and compu- 

tational models, thereby empowering stakeholders with data-driven 

insights, predictive intelligence, and real-time control. This capability 

marks a shift from traditional, reactive farming practices to proactive, 

adaptive, and optimized decision-making [34,35]. Unlike static digital 

models, DTs enable continuous monitoring, feedback-driven learning, 

and simulation of future scenarios [36,37]. This makes them espe- cially 

valuable in applications in smart agriculture. Furthermore, as 

agriculture increasingly incorporates IoT sensors [38], drones [39], 

edge computing [40], and AI algorithms [41], the digital infrastructure 

necessary for implementing DTs is rapidly taking shape. From the 

standpoint of research and development, understanding why DT inte- 

gration is vital in agriculture means recognizing its unique potential to 

optimize input use, enhance system robustness, ensure traceability, and 

reduce environmental impact. DTs offer a solution to the long-standing 

limitations in agricultural monitoring and forecasting by creating vir- 

tual testbeds where management strategies can be safely evaluated 

before real-world deployment [42–44]. Fig. 1 shows the overview of DT 

technology. Although DTs in agriculture provide significant perks, their 

adoption is currently at an infancy stage [45,46]. The gradual adoption 

of these practices may be attributed mostly to the sophisticated nature 

of agricultural operations, which are subject to a multitude of ran- dom 

variables like weather, soil conditions, and crop growth patterns. These 

factors are frequently stochastic and beyond human control, 

introducing additional levels of complexity that are not commonly seen 

in industrial operations [47]. Moreover, the extensive and var- ied 

characteristics of agricultural fields require detailed and accurate 

spatial and temporal data, which makes the process of collecting data 

technically expensive and challenging. However, continuous progress in 

data analytics, IoT, and AI is slowly resolving these difficulties, opening 

up opportunities for the wider use of digital twins in precision 

agriculture [48,49]. 

 
2. Related works and contributions 

 

The concept of DT has gained significant attention in agriculture, 

with numerous studies reviewing its potential to enhance decision- 

making, resource optimization, and system monitoring (Table 2). Nasir- 

ahmadi and Hensel [45] provided an overview of the role of DTs 

in advancing digitalization within the agricultural sector, focusing on 

application areas such as soil and irrigation management, crop pro- 

duction, and post-harvest processing. While the study outlined key 

challenges and highlighted future research needs within these do- 

mains, it did not offer a comprehensive exploration of the broader 

technological landscape supporting DT development. Similarly, Purcell 
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and Neubauer [50] conducted a comprehensive Systematic Literature 

Review (SLR) to identify state-of-the-art research on the application of 

DT technologies in agriculture. Their review curated 31 papers, themat- 

ically clustered into six key application domains: urban and controlled 

environment farming, livestock farming, product design, supply and 

value chains, and policy, environment, and infrastructure. The stud- ies 

were further categorized by the level of DT integration including model-

level, partially integrated, and fully integrated, where partially 

integrated DTs formed the largest group. These intermediate-stage 

implementations, however, provide valuable insights into the design 

and deployment processes of DTs across novel applications. The review 

also documented 10 studies featuring fully integrated DTs meeting 

essential criteria such as real-time data acquisition, dynamic modeling 

of entity behavior, and feedback mechanisms. Pylianidis et al. [51] also 

conducted a literature review on DTs in agriculture, identifying 28 use 

cases between 2017 and 2020 and comparing these with DT applica- 

tions in other domains. Purcell et al. [52] presented an exploratory 

review emphasizing the alignment of DT technology with sustainable 

agriculture. They proposed a high-level roadmap outlining milestones 

for enabling open, scalable, and sustainable DT development in agricul- 

ture, noting the potential of DTs to support greenhouse gas reduction, 

efficient resource use, and optimized production, while mentioning the 

need to consider potential negative impacts early in the design process. 

Additionally, based on this emphasis on sustainability, Cesco et al. [53] 

proposed a conceptual framework for integrating DT technology into 

smart agriculture. Their study demonstrated its application through a 

case study on nitrogen fertilization management. While many studies 

have examined DT applications from a general agricultural perspective, 

some have focused on specific domains within agriculture, such as 

greenhouse horticulture, hydroponics, and livestock systems, to ex- 

plore the unique opportunities and challenges of DT implementation in 

these contexts. Ariesen-Verschuur et al. [54] conducted a systematic 

review of DT technology in greenhouse horticulture, positioning it 

as an emerging advancement for smart, data-driven cultivation. They 

identified eight articles explicitly addressing DTs, alongside 115 studies 

indirectly related through IoT-based systems. Their review highlighted 

that while DTs in greenhouse horticulture are in their early stages, they 

hold potential for enhancing productivity and sustainability. Most 

existing applications focus on monitoring and controlling processes like 

climate regulation, energy use, and lighting, while more advanced uses 

such as predictive and prescriptive DTs remain limited. Sridevi and 

Kumar [55] explored the role of Digital Twin technology in hydropon- 

ics, a widely used soil-less cultivation method. Their study discusses 

how DTs can support the design, operation, monitoring, optimiza- tion, 

and maintenance phases in hydroponic systems. Eleni Symeonaki et al. 

[56] examined the application of DT technology in livestock systems 

within the framework of Agriculture 5.0, synthesizing recent research 

to identify opportunities and challenges in DT adoption for livestock 

production. The review revealed that DT adoption is in its early stages 

but holds promise for improving animal welfare, manage- ment, and 

productivity. Most of the 11 reviewed studies focused on dairy cattle and 

swine, with emphasis on precision livestock farming, real-time 

monitoring, and environmental control. The study emphasizes that 

although DTs can provide valuable insights into feeding behavior, stress 

management, and breeding strategies, challenges such as high initial 

implementation costs, data security concerns, lack of interop- erability, 

and the need for farmer education remain key barriers to broader 

adoption. 
In another study, Wang [46] reviewed recent progress and open 

issues of DT technology in agriculture by analyzing 70 peer-reviewed 

documents to map trends, focused domains, processes, reference archi- 

tectures, and challenges. The review highlights that while DT adoption 

is expanding with increasingly comprehensive functions, significant 

gaps remain, particularly in accurately capturing the characteristics and 

behaviors of physical entities within virtual models. Multiple review 

studies [22,47,57] have also examined how DT technology is being ap- 

plied in agriculture, emphasizing its role in improving decision-making, 

optimizing operations, and enabling real-time monitoring across di- 

verse farming systems. While numerous studies have explored the 

integration of digital twin with agriculture, most focus primarily on 

application-level perspectives, with limited discussion on the detailed 

technological foundations that enable these systems. In particular, there 

is a notable gap in existing reviews concerning an in-depth examina- 

tion of enabling technologies and recent advances such as federated 

learning, TinyML models, and edge computing, which play a vital role 

in the successful application of digital twins in agriculture. Although 

challenges and future directions have been discussed in many prior 

studies, this review uniquely contributes by providing a comprehensive 

technological perspective, key enabling technologies, challenges and 

recent technological trends that can drive effective implementation of 

digital twin systems in smart agriculture. 

 
3. Methodology 

 

The methodology for this study on digital twins in smart agricul- 

ture involved a systematic and comprehensive approach to literature 

selection and analysis. The procedure initiated with the identification of 

relevant scientific databases that could provide a robust collection of 

articles. Scopus, Web of Science, and PubMed were chosen due to 

their extensive coverage of high-quality, peer-reviewed literature. A 

carefully crafted search strategy was employed, utilizing specific 

keywords related to digital twins and agriculture to ensure the retrieval 

of relevant studies. The initial search produced a total of 294 articles, 

which formed the primary pool of literature for this review. These pub- 

lications span from 2014 to 2024. Following the initial collection, the 

articles underwent a preliminary screening process to determine their 

relevance and alignment with the scope of this review. This screening 

involved evaluating each article based on several criteria, including 

its compatibility with the defined scope of the study, matching with the 

research rationales (Table 1), the alignment of its content with the 

objectives of the review, and the presence of conclusive results. Articles 

that did not match these specific criteria were eliminated from further 

evaluation. This phase was essential in reducing the extensive collec- 

tion of articles to a more feasible quantity, ensuring that only the most 

relevant studies were included in the subsequent stages of the review. 

Once the preliminary screening was completed, a more detailed and 

rigorous evaluation was conducted to refine the selection further. This 

involved a thorough assessment of each article’s methodological rigor, 

relevance to the topic, and the significance of its findings. Articles that 

were duplicates or did not meet the stringent inclusion criteria were ex- 

cluded from the final selection. Additionally, the focus was on selecting 

studies that provided comprehensive insights and conclusive findings 

related to the application of DT in agriculture. This detailed evaluation 

ensured that the final set of articles included only those that could 

significantly contribute to the understanding of the topic. Through this 

rigorous selection process, a final set of 48 articles was chosen for 

inclusion in the review (Fig. 2). These selected articles form the basis of 

the systematic literature review, providing a thorough and in-depth 

understanding of the present state and future potential of digital twins 

in digital agriculture. This review aims to present a comprehensive 

overview of the advancements, challenges, and opportunities related to 

the integration of digital twins in agricultural processes. The selected 

articles collectively contribute to a meticulous and detailed exploration 

of how DTs can improve agricultural productivity and sustainability. 

 
4. Digital twin technology 

 

From the very beginning of computers, digital models of real-world 

systems have been integral to many software and computer applica- 

tions. In agriculture systems, this digital model may be thought of 

as a simple CAD drawing of agricultural machinery, a virtual model 
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Table 1 

Research questions and rationales. 

Sl. No Research question Rationales 

RQ1 Why is the integration of digital twin 

technology important in modern 

agricultural practices? 

RQ2 What major transformations can digital 

twin technology bring to the agricultural 

sector? 

RQ3 What are the challenges and 

implementation barriers associated with 

digital twin solutions in agriculture? 

The goal is to identify the core reason for 

integrating digital twin technology into 

agriculture. 

Gain insights into potential applications 

of digital twin across different 

agriculture activities. 

To explore the research opportunities 

and potential challenges for digital twins 

in agriculture. 

 

 
Table 2 

Some of the prominent review/survey studies related to digital twin in agriculture. 

Article Year Key focus areas Detailed digital 

technological aspects 

Challenges Future scope 

[45] 2022 Soil and irrigation, Crop production and Post-harvest processing × ✓ ✓ 

[51] 2021 Smart agriculture and other disciplines (manufacturing, × ✓ ✓ 

  construction, business, telecommunications, etc.)    

[52] 2023 Land cultivation, Livestock farming and Controlled Environment × ✓ ✓ 
  Farming    

[50] 2023 Crop, Livestock, Controlled environment, Aquaponics, Policy, × ✓ ✓ 

  environment, infrastructure, Product design, smart services,    

  machinery management, Supply and value chain    

[55] 2020 Hydroponics and smart farming × ✓ × 

[56] 2024 Livestock management and production × ✓ ✓ 

[46] 2024 Controlled Growing Setting, Horticulture, Food Supply Chain, × ✓ ✓ 

  Crop Production, Animal Husbandry, Forestry, Aquaculture    

[22] 2023 Smart Agricultural Applications ✓ ✓ ✓ 

[47] 2023 Soil quality assessment × ✓ × 

 

and layout of a grain storage system, etc. The development of these 

digital representations has facilitated the creation of very advanced 

computer-aided systems for designing, production activities, and man- 

aging various operations. Nevertheless, the concept of a DT extends 

beyond a mere virtual digital representation of a system and tries to 

electronically depict the fundamental nature of a dynamic physical 

system in real-time [58]. Earlier, digital twinning was utilized as a 

maintenance tool for continuous tracking of the aircraft’s structure. 

Subsequently, the object was duplicated as an exact replica to mimic its 

full lifecycle and assess its performance. Subsequently, the object was 

re-constructed as an exact digital replica to mimic its full lifecycle and 

assess its performance. Following that, the concept of digital twinning 

began to gain momentum across several industries. The core objective 

was to enhance their processes by making them more dynamic and 

optimized [28]. 

 
4.1. Digital model, digital shadow and digital twin 

 

The concepts of digital model, shadow, and twin represent the 

evolution the physical world that can be mirrored digitally [31]. These 

terms are essential in the digital transformation. Kritzinger et al. [59] 

described the differentiation between the three concepts as given be- 

low. 

• Digital Model: A Digital Model is a static digital representation 

of a physical object, either existing or planned. They do not 

have automatic data transmission between physical and digital 

entities. An enhanced representation of the physical object is 

shown through a digital model. These can be computer models of 

proposed resources and mathematical models of products, or 

other representations. Data from the physical system can be used 

to update the digital model, but all data transfer is man- ual. Any 

modifications performed on the physical object do not 

automatically reflect in the digital model, and vice versa. 

• Digital Shadow: A Digital Shadow shows an intermediate step 

where there is an automatic unidirectional transfer of data from 

the physical object to the digital object. In this setup, changes in 
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the physical object result in corresponding changes in the digital 

object. However, the reverse is not true. i.e., changes in the digital 

object do not reflect the physical object. Digital shadow allows for 

real-time monitoring and analysis without direct control. 

• Digital Twin: DT is a fully integrated, bidirectional data exchange 

between the physical and digital objects. This relationship al- 

lows both real-time updates and monitoring for digital object 

to influence and control the physical object. Changes in either the 

physical or digital objects are directly reflected in the other. 

Sophisticated simulations, predictions, and optimizations can be 

carried out using DT. 

This structured approach clarifies the progression from static models to 

dynamic and interactive systems (Fig. 3). 

 
4.2. Enabling technologies 

 
Digital Twin (DT) should not be viewed as an independent tech- 

nology but rather as a system of systems that integrates a wide range 

of enabling technologies [60,61]. It serves as an intelligent virtual 

representation of a physical entity, facilitating continuous and bidirec- 

tional information exchange between the physical and digital environ- 

ments [62]. The technologies involved in a DT can vary significantly 

depending on the specific use case. These include mechanisms for 

IoT-based data generation, such as sensors for real-time data capture 

and actuators for executing control actions, alongside connectivity 

technologies that ensure seamless data transmission [63]. Blockchain 

further enhances the system by enabling secure and tamper-proof data 

integrity across distributed environments [64]. Communication infras- 

tructures, including edge, cloud, and fog computing, support reliable, 

low-latency, and scalable data exchange across the system compo- 

nents [65]. Tools for simulation and control of virtual products, such as 

3D modeling, simulation environments, virtual reality (VR), and aug- 

mented reality (AR), enable detailed replication and interaction with 

the physical asset [66]. In addition, AI-driven intelligent processing 

plays a central role in enabling advanced analytics and autonomous 
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/ig. 2. Methodology employed in the study for article selection. 

 

decision-making [67]. This includes techniques such as machine learn- 

ing, deep learning, natural language processing, fuzzy logic, and com- 

puter vision [68,69]. Moreover, federated learning supports collabo- 

rative model training across decentralized devices while preserving data 

privacy [70], and TinyML enables lightweight AI models to oper- ate 

directly on resource-constrained edge devices [71–73], facilitating real-

time inference. The key enabling technologies that constitute the 

foundation of a digital twin are summarized in Fig. 4 

 
4.2.1. Internet of things 

The IoT plays a fundamental role in the implementation and oper- 

ational efficiency of DT systems, particularly in the context of smart 

farming [74,75]. IoT comprises a vast network of interconnected phys- 

ical devices including sensors, actuators, embedded systems, and com- 

munication interfaces that collectively capture, transmit, and in some 

cases, act upon data from the physical environment [76,77]. Within 

agriculture, this interconnected infrastructure functions as the critical 

bridge between real-world conditions and their virtual representations. 

The data collected through IoT devices provides the basis for develop- 

ing digital counterparts of agricultural machinery, greenhouses, fields, 

livestock systems, and other farm components [54,78]. These digital 

representations are not static snapshots but dynamic, continuously 

updated models that evolve in real time, reflecting changes in the 

physical system [79,80]. 

The seamless and continuous acquisition of real-time data enabled 

by IoT technology allows DTs to provide a comprehensive and high- 

fidelity view of the agricultural ecosystem [81,82]. Sensors deployed 

across various physical assets provide environmental, biological, and 

operational data that feed into the digital twin Equally important in this 

ecosystem are the actuators, which serve as the interface between digital 

decisions and physical actions. The presence of actuators in the DT-

IoT loop facilitates automation, enabling intelligent systems to 

respond quickly and efficiently to dynamic agricultural conditions 

without the need for constant human intervention [38]. To support the 

seamless operation of this interconnected system, robust and reliable 

communication technologies are essential. The choice of communica- 

tion protocols in agriculture depends on various factors including data 

bandwidth requirements, geographical coverage, power consumption, 

and network availability. In localized settings such as greenhouses 

or livestock facilities, short-range wireless protocols may be used to 
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/ig. 3. Schematic of Digital model, Digital shadow and Digital twin. 

 

connect devices and transmit data to central gateways. For large-scale 

outdoor environments, low-power wide-area networks are typically 

preferred due to their ability to operate over long distances with min- 

imal energy requirements [83,84]. Satellite communication also plays a 

vital role in remote agricultural zones where terrestrial infrastructure is 

lacking, providing global coverage and integration with GPS-based 

geospatial services [85,86]. Edge computing is increasingly integrated 

into these systems to allow preliminary data processing closer to the 

source, reducing latency, conserving bandwidth, and ensuring faster re- 

sponse times. The success of IoT-enabled digital twins also depends on 

the integrity, security, and reliability of the data being transmitted and 

acted upon [87]. Blockchain is increasingly being explored as a means 

to enhance trust, transparency, and data traceability within distributed 

agricultural systems [88,89]. Its decentralized and tamper-resistant 

architecture offers significant potential in addressing the integrity and 

provenance of sensor data streams. 

 
4.2.2. Blockchain 

Blockchain technology is increasingly recognized as a foundational 

enabler for secure, transparent, and trustworthy digital twin systems 

[90]. As digital twins evolve into complex, interconnected ecosystems 

involving data generation, model synchronization, and autonomous 

decision-making, the need for reliable, decentralized mechanisms to 

validate and govern data transactions becomes critical [91,92]. In 

many DT applications, especially those that involve Internet of Things 

(IoT) devices, a vast amount of data is continuously generated by dis- 

tributed sensors and actuators. Ensuring the authenticity, traceability, 

and immutability of this data is vital for the fidelity and operational 

dependability of the DT. Blockchain offers a robust solution by provid- 

ing a distributed ledger architecture in which every data transaction 

is cryptographically secured, time-stamped, and permanently recorded. 

This establishes a verifiable chain of trust, mitigating the risks of data 

tampering, unauthorized access, and system inconsistencies. Beyond its 

role in data security, blockchain contributes significantly to the 

governance and coordination of complex digital twin environments. 

In contemporary DT implementations, multiple stakeholders, ranging 

from equipment manufacturers and service providers to regulatory 

bodies and end users may interact with different components of the 

digital model. Blockchain enables decentralized access control, where 

participants are assigned specific roles and permissions through pro- 

grammable logic embedded in smart contracts. Another critical dimen- 

sion where blockchain reinforces digital twin technologies is in version 

control and lifecycle traceability [93]. Digital twins often undergo 

continuous updates as new data streams, simulation outputs, or control 

strategies are introduced. Capturing these changes in a transparent and 

non-repudiable manner is crucial for ensuring scientific reproducibility, 

regulatory auditability, and historical accountability. Blockchain can 

serve as a tamper-proof registry for digital twin events [94,95], record- 

ing model updates, simulation results, or even decision rationales across 
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/ig. 4. Prominent technologies involved in digital twin. 

 

 

 
/ig. 5. Schematic of tinyML model deployment on micro-controllers and edge devices [98]. 

 

 

time. This historical traceability enhances not only trust but also the 

interpretability of AI-assisted recommendations or autonomous system 

behaviors embedded within the DT. [96,97]. 

 
4.2.3. Artificial Intelligence and emerging paradigms 

Artificial Intelligence plays a pivotal role in enabling Digital Twin 

technology by significantly enhancing its capabilities, adaptability, and 

application scope [99,100]. AI encompasses a wide range of subfields, 

including machine learning (ML) [101], deep learning (DL) [102,103], 

natural language processing (NLP) [104], computer vision [105], fuzzy 

logic [106], and emerging paradigms like TinyML, Federated Learning, 

etc. These components offer the computational intelligence, analytical 

depth, and contextual awareness necessary for developing dynamic and 

self-evolving digital twins. DTs rely heavily on data-driven models to 

represent, monitor, and optimize physical systems. ML algorithms form 

the backbone of this capability by enabling automated data analysis, 
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anomaly detection, and prediction generation based on large-scale, 

real-time datasets derived from their physical counterparts [48,107]. 

These models can learn patterns and operational dynamics, facilitat- 

ing real-time decision-making and adaptive control. DL, a specialized 

branch of ML, augments this process by using deep neural networks 

to extract complex representations from high-dimensional and unstruc- 

tured data sources such as images, videos, sensor fusion streams, and 

time-series data [108]. Computer vision, an integral part of AI, allows 

DTs to process and interpret visual information captured from phys- 

ical environments [51,109]. It enables functionalities such as object 

detection, activity recognition, and surface condition assessment. In 

agriculture, for example, DTs equipped with vision capabilities can 

monitor plant health, detect pest infestations, and assess crop maturity 

by analyzing visual attributes from drone or satellite imagery. This 

facilitates precision farming, minimizes waste, and maximizes yield. 

Similarly, in farm machinery, computer vision enables digital twins to 

detect equipment faults, monitor operational efficiency, and support 

preventive maintenance through continuous visual inspection. Natu- 

ral Language Processing (NLP) strengthens DTs by enabling them to 

comprehend, generate, and interact using human language [110,111]. 

NLP-based interfaces allow users to query the DT, issue commands, or 

receive explanations in natural language, thereby increasing accessibil- 

ity and human interpretability. Fuzzy logic contributes by introducing 

human-like reasoning to DTs, especially in scenarios where data is 

imprecise, uncertain, or linguistically described. This is crucial for agri- 

cultural, climatic, or biological systems where variability and vagueness 

are inherent. Fuzzy logic-based DTs can handle subjective inputs such 

as ‘‘moderate humidity’’ or ‘‘slightly dry soil’’ and convert them into 

actionable control strategies, improving interpretability and decision 

robustness under uncertainty [106]. 

Recent advancements in machine learning have given rise to dis- 

tributed, efficient, and embedded intelligence paradigms that align 

closely with the evolving requirements of DT systems [112,113]. As 

the scale and complexity of physical systems grow, there is an in- 

creasing demand for intelligent processing directly at the edge, and 

for collaborative intelligence that respects privacy and decentralization. 

These needs have driven the development of two highly relevant AI 

paradigms: TinyML and Federated Learning. TinyML, which focuses on 

deploying ML models on low-power, resource-constrained edge 

devices, is increasingly relevant in DT frameworks [114], particularly in 

sectors like agriculture, precision manufacturing, and smart infras- 

tructure. Integrating TinyML into DTs enables real-time analytics and 

localized decision-making directly on embedded systems, thus reduc- 

ing latency, preserving bandwidth, and increasing system reliability 

by minimizing dependence on centralized cloud servers [72,115]. In 

agricultural digital twins, model compression techniques such as quan- 

tization, pruning, and knowledge distillation are often applied to reduce 

the computational and memory footprint of machine learning models 

without significantly compromising accuracy [116,117](Fig. 5). These 

techniques enable efficient deployment of vision-based disease detec- 

tion models [118] or sensor fusion algorithms onto microcontrollers 

embedded in field-deployed units. This capability becomes critical 

in environments with intermittent connectivity or where real-time 

responsiveness is necessary, such as autonomous agricultural machin- 

ery. Federated Learning, another cutting-edge advancement, facilitates 

collaborative model training across distributed nodes while keeping 

raw data localized. This decentralized learning model is vital for DT 

applications in privacy-sensitive domains [119]. In agricultural DTs, for 

instance, edge devices deployed across geographically distributed farms 

can collaboratively learn a unified crop disease prediction model 

without transmitting sensitive or proprietary data to a central server. 

The FL process typically begins with a centralized server initializing 

a global model, which is then sent to participating client devices [70, 

120]. Each client trains this model locally using its private data and 

subsequently sends the learned model updates (such as weights or 

gradients) back to the server. The server then aggregates these updates, 

commonly using algorithms like Federated Averaging, to update the 

global model (Fig. 6). This updated model is redistributed to the clients 

for the next round of training. FL enhances the scalability, robustness, 

and intelligence of digital twin ecosystems without compromising data 

confidentiality [121,122]. 

 
4.2.4. Cloud, fog and edge computing 

In agricultural digital twins, where data is continuously generated 

across large and often remote spatial domains, an efficient and adaptive 

communication framework is essential. A layered architecture com- 

prising cloud, edge, and fog computing forms the backbone of this 

infrastructure [123,124]. 

Cloud computing has a pivotal role in facilitating DTs by offering the 

essential processing capacity, storage, and scalability required to man- 

age the immense volumes of data produced in agricultural fields [45, 

79]. In order to precisely replicate physical conditions and activities, 

ADTs rely heavily on continuous data processing and advanced ana- 

lytics, which necessitate a robust and adaptable infrastructure. Cloud 

systems enable these capabilities by supporting the seamless integration 

of IoT devices, field sensors, satellite feeds, and remote sensing tools 

[125,126]. The cloud facilitates cost-effective resource allocation and 

dynamic scalability, allowing DT systems to adjust processing capacity 

based on real-time demands. Furthermore, cloud computing enables 

the implementation of sophisticated AI and ML algorithms, enhanc- ing 

the predictive and prescriptive functionalities of the digital twin models. 

It also allows centralized processing and real-time analysis of 

spatially distributed data collected from diverse agricultural assets 

[127,128]. Additionally, cloud platforms offer robust security mecha- 

nisms and compliance standards that ensure data privacy, integrity, and 

traceability. While cloud computing offers considerable advantages, it 

may not suffice for applications that demand ultra-low latency, high- 

frequency actuation, or must operate under intermittent connectivity 

conditions. In such cases, edge and fog computing provide essential 

complementary functionalities [129,130]. Edge computing involves 

placing computational resources closer to the data source, allowing 

for immediate data processing and decision-making. This is particu- 

larly useful in scenarios where real-time responsiveness is critical. By 

analyzing data locally, edge nodes reduce the need to transmit large 

volumes of raw data to centralized cloud servers, thereby conserving 

bandwidth and reducing response times. Moreover, edge computing en- 

sures system continuity even in low-connectivity or bandwidth-limited 

environments, a common condition in rural and large-scale farm set- 

tings. Fog computing builds upon the capabilities of edge computing by 

introducing a distributed, intermediary layer of computing infras- 

tructure positioned between edge devices and the cloud. It allows for 

local data aggregation, short-term storage, and mid-level analytics. In 

agricultural DTs, fog nodes may be deployed at greenhouse control 

systems, farm gateways, or local edge servers to coordinate data from 

multiple sensors and actuators across specific regions. By integrating 

cloud, edge, and fog computing, agricultural digital twins benefit from 

a hybrid communication infrastructure that is contextually adaptive. 

 
4.2.5. Virtual product technologies for modeling, simulation, and interac- 

tion 

Virtual product technologies comprising 3D modeling, simulation, 

and immersive interaction tools such as augmented reality (AR), virtual 

reality (VR), and mixed reality (MR) are integral to the functionality and 

effectiveness of digital twin systems in agriculture. Collectively known 

as extended reality (XR), these technologies provide the visual and 

interactive frameworks required to represent, analyze, and interact with 

physical systems within a digital environment. XR is increasingly 

recognized as a powerful component of digital twin implementations in 

smart farming and precision agriculture [131–133]. It enhances the 

interpretability of complex, multi-source datasets by allowing users 

to engage directly with digital replicas in a spatially meaningful and 

intuitive manner. By creating immersive, spatially aligned interfaces, 
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XR enables users to interact with large-scale and high-dimensional data 

in a human-centered way, thereby improving understanding and 

operational efficiency. By reducing the cognitive burden associated with 

interpreting abstract data charts or remote dashboards, AR en- hances 

on-site decision-making efficiency [134,135]. AR devices allow users to 

interact with a digital twin while remaining aware of the surrounding 

physical context, making it ideal for field operations, real- time 

inspections, and human-in-the-loop control systems. In contrast, VR 

provides fully immersive, computer-generated environments that allow 

users to engage with digital twins in controlled and reproducible 

settings. This is particularly valuable for simulation, education, and 

remote collaboration. It supports the creation of scenario-driven virtual 

environments, where users can experience and interact with differ- ent 

conditions, system states, or intervention strategies in a risk-free 

manner. These experiences are particularly useful during planning, 

training, and strategy development, and can be extended with real- time 

telemetry to simulate live operational data. Mixed reality (MR) further 

extends the value of XR by blending the physical and digital worlds in a 

way that allows physical and virtual elements to coexist and interact in 

real time. MR systems offer persistent spatial mapping, allowing users 

to anchor digital twin elements in the real environment and interact 

with them dynamically. This enables complex workflows such as digital 

co-authoring, collaborative diagnostics, and synchro- nized monitoring 

of live systems. Unlike traditional 2D visualizations, MR enhances 

depth perception and contextual understanding, which are critical 

when operating in complex or multidimensional physical environments. 

Beyond immersive visualization, the backbone of any DT system lies 

in the precision and adaptability of its 3D modeling and simulation 

capabilities. High-resolution 3D models serve as the structural digital 

counterpart to physical agricultural entities. These models are often 

constructed using data from LiDAR scans, photogrammetry, structured 

light sensors, or Computer-Aided Design (CAD) tools. The use of CAD 

is particularly important in modeling mechanical components, struc- 

tural systems, and embedded electromechanical systems with high 

dimensional fidelity. These parametric models support interoperability 

across design, simulation, and control platforms and are well-suited for 

automated updates using sensor inputs. The dynamic synchronization 

of these models with real-time data supports the DT’s role as a live, 

evolving system rather than a static digital replica. These 3D models 

provide the substrate upon which simulations are conducted, enabling 

the analysis of physical processes, prediction of future system states, 

and evaluation of control strategies. Simulation tools embedded within 

DT systems allow stakeholders to virtually test and optimize operations 

before implementation. These simulations not only improve planning 

accuracy but also reduce reliance on trial-and-error approaches that are 

time-consuming and resource-intensive. Moreover, simulation en- 

vironments facilitate system optimization through iterative testing, 

sensitivity analysis, and reinforcement-based decision modeling. They 

also enable the exploration of ‘‘what-if’’ scenarios, supporting risk 

analysis, contingency planning, and continuous process improvement. 

As simulation engines become increasingly integrated with real-time 

data and feedback loops, digital twins evolve into closed-loop control 

systems capable of autonomous adaptation and optimization over time. 

 
4.3. Interplay of technologies in digital twin 

 

In the context of digital twin implementations in agriculture, the 

interplay among enabling technologies becomes practically evident. 

The IoT framework serves to capture essential parameters such as envi- 

ronmental, soil, and crop physiological data. These sensor readings are 

interpreted and used to actuate systems like irrigation pumps, cooling 

systems in greenhouses, or robotic arms in harvesting. These actions 

occur in near real-time, enabled by reliable connectivity solutions and 

localized edge or fog computing, which reduce latency and offload pro- 

cessing from centralized cloud servers. Blockchain plays a foundational 

role in ensuring that interactions are stored securely and transpar- 

ently. This becomes essential in agricultural systems involving multiple 

stakeholders or compliance-sensitive environments. For instance, in 

smart food supply chains, blockchain ensures that environmental data 

logged during storage and transport is immutable and auditable. Smart 

contracts can automate tasks such as verifying whether perishable 

goods were maintained within safe temperature and humidity ranges. 

The digital twin’s intelligence is driven by AI technologies that enable 

predictive and adaptive functionalities. Machine learning models can 

forecast irrigation requirements, detect pest outbreaks, or predict yield 

based on weather and growth conditions. In plant phenotyping systems, 

for instance, computer vision detects early signs of disease or nutrient 

deficiency by analyzing high-resolution imagery. Fuzzy logic enables 

flexible decision-making when sensor values are borderline, such as 

determining optimal irrigation timing under fluctuating microclimates. 

Federated learning supports collaborative model development across 

different farms or agricultural facilities while preserving data privacy. 

For example, multiple greenhouses can contribute to improving crop 
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growth prediction models without exchanging raw data. TinyML en- 

sures that intelligence is distributed to even the most constrained 

edge devices, enabling real-time local responses like activating misting 

systems or nutrient dispensers in response to stress indicators. Hu- 

man interaction with agricultural digital twins is enhanced through 

natural language processing, allowing operators to query the system 

intuitively—asking questions like ‘‘Why did the greenhouse tempera- 

ture drop overnight?’’ or ‘‘What is the projected harvest date?’’ This 

improves usability for non-technical users. Visualization and virtual 

product technologies, including CAD-based 3D modeling, advanced 

simulation platforms, and immersive environments, represent field, 

greenhouse, or supply chain processes with high fidelity. Simulations 

allow farmers to experiment with planting densities, irrigation strate- 

gies, or climate scenarios before real-world implementation, reducing 

trial-and-error in physical operations. Augmented reality (AR) overlays 

real-time data such as crop health metrics, equipment diagnostics, or 

task guidance directly onto the physical environment, enhancing field- 

level situational awareness. Virtual reality (VR) environments can be 

used for remote monitoring, operational training, or scenario-based 

planning. Mixed reality (MR) further allows seamless interaction be- 

tween digital and physical elements, enabling operators to manipulate 

holographic crop data or receive adaptive system recommendations in 

an intuitive format. 

 
4.4. Interactions among DT components 

 
The interaction between different components is a seamless flow 

of data and decisions that enable real-time monitoring, analysis, and 

control of physical objects in digital twin [22]. A physical object (PO) 

refers to an actual element existing in the real world, such as a machine, 

a farm field, or any observable system. This component is equipped with 

sensors that are enabled by IoT technology. These sensors con- tinually 

collect data about the object’s state and performance. The information 

acquired by these sensors is transferred to the digital twin. The DT 

functions as a comprehensive digital representation, whereby all data is 

consolidated, analyzed, and recorded. This synchronization between 

the PO and its DT ensures that the virtual model accurately represents 

the current state of the physical object at any given time, facilitated by 

cloud computing that provides scalable storage and com- putational 

resources. After the data is acquired and combined in the DT system, it 

is then sent to the Analysis Engine for further analysis and processing. 

The Analysis Engine is equipped with sophisticated algorithms and 

computational tools powered by AI that analyze the incoming data to 

derive significant insights. This study may involve identifying 

anomalies, predicting future states, or optimizing opera- tional 

parameters. The AI-powered Analysis Engine generates results, which 

are subsequently transmitted back to the DT, serving as the 

intermediate. The DT incorporates these analytical observations into its 

digital model, continuously revising the representation of the PO 

according to the most recent findings. The Decision Module benefits 

from the updated information in the DT, which provides predictive and 

prescriptive insights gained by AI, hence improving the decision- 

making process. The interaction among different components of DT is 

shown in Fig. 7. 

The Decision Module relies on the insights provided by the DT to 

make informed decisions. These decisions are made on the basis of 

thorough analysis and real-time data presented by the DT, ensuring that 

actions are data-driven and optimized for the best possible outcomes. 

Advanced visualization techniques, such as XR, including AR and VR, 

can be employed to present the data and analytical results in an 

immersive and interactive manner. This allows the Decision Module to 

better understand the context and implications of the data, facilitating 

more effective and accurate decision-making processes. After a choice 

has been made, the DT conveys the required steps to the Execution 

Module. This module is tasked with executing these operations on the 

actual object. The Execution Module guarantees the precise implemen- 

tation of optimized choices in the PO, whether it includes modifying 

operational settings, starting maintenance actions, or any other type 

of intervention. The dynamic and linked character of digital twins is 

shown by the closed-loop interaction between the Physical Object (PO), 

Digital Twin, Analysis Engine, Decision Module, and Execution Module. 

 
5. Digital twin in agricultural applications 

 

Digital Twin and allied technologies like IoT-AI-XR are at the fore- 

front of transforming agriculture, enabling precise and data-driven 

decision-making. Table 3 shows the prominent studies related to digital 

twins integrated with AI (DL/ML) models for intelligent solutions. The 

following sub-sections will explore these major areas and highlight how 

DT is driving advancements and efficiency in existing agriculture 

practices. 

 
5.1. Digital twin in controlled environment agriculture 

 

Integrating Digital Twin (DT) technology into Controlled Environ- 

ment Agriculture (CEA) systems significantly advances sustainable and 

efficient agricultural practices. CEA refers to the cultivation of crops 

within enclosed and technologically regulated environments such as 

greenhouses, vertical farms, and indoor growing facilities, where en- 

vironmental parameters like temperature, humidity, light intensity, and 

carbon dioxide (CO2) concentration are meticulously controlled to 

optimize plant growth and resource utilization. Digital Twins serve as 

dynamic, real-time virtual counterparts of physical CEA systems, 

enabling continuous monitoring, simulation, and optimization of agri- 

cultural processes [54,140]. DTs allow for real-time tracking of en- 

vironmental variables and plant health indicators. This facilitates a 

deeper understanding of crop responses to changing conditions, helping 

operators make informed, data-driven decisions. The ability to run 

predictive simulations within the virtual twin allows stakeholders to 

assess the potential outcomes of various interventions such as altering 

lighting schedules, irrigation levels, or nutrient formulations without 

disrupting the physical system. This predictive capability is especially 

critical in minimizing risks, reducing crop failure, and enhancing yield 

consistency. A key strength of DTs in CEA lies in their ability to 

aggregate and synthesize heterogeneous data streams from a variety 

of sources, including IoT-based sensors, weather and climate mod- 

els, historical growth data, and AI-driven crop phenotyping tools. By 

integrating these diverse inputs, the digital twin constructs a com- 

prehensive, context-aware model of the cultivation environment. This 

comprehensive representation enables advanced analytics, such as root 

cause analysis, anomaly detection, and adaptive control strategies, thus 

improving system responsiveness and stability. Moreover, Digital Twin 

technology enhances resource efficiency by enabling precision control 

of inputs such as water, nutrients, and energy. Similarly, feedback from 

the virtual model can guide adaptive irrigation practices to con- serve 

water and prevent nutrient leaching. By promoting data-informed 

decision-making and system transparency, they support eco-friendly 

cultivation practices and help reduce the environmental footprint of 

agricultural production in controlled settings. 

Several recent studies explored the application of digital twin in 

CEA. Chaux et al. [141] introduced a DT architecture designed for 

CEA systems, aiming to improve productivity and minimize resource 

consumption. The study used simulation software for controlling the 

climate. The architecture was implemented in a case study as a fully 

integrated Digital Twin system for greenhouse automation. The physi- 

cal system, the greenhouse was equipped with two DHT11 sensors for 

measuring both indoor as well as outdoor temperature and relative hu- 

midity, a 12V fan, and a 12V compact submersible pump. The Arduino 

Uno was used as the controller and Raspberry Pi 4 was the Gateway, 

which establishes a connection with the storage layer via wireless 

communication, and interfaces with the Arduino. phpMyAdmin, an 
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Table 3 

Summary of prominent studies related to digital twin integrated with AI (DL/ML) models for intelligent solutions. 

Reference Application Area Objective Dataset DL Model Findings 

[79] Crop Monitoring Detection of plant diseases Image dataset - plant MobileNet and UNet model LoRaWAN based solution 
  and nutrient deficiencies village dataset for disease  provided robust solution for 
   identification  communication and the 
     Mobile Net model achieved an 
     accuracy of 95% in disease 
     identification 

[136] Controlled environment Development of decision Sensor data (pH, EC, State of the art ML models - DT and SVR performed well 
 agriculture support system for Water level, light intensity, LR, SVR, DT, Ensemble Model in predicting the fish growth 
  Aquaponics using DT temperature, humidity,  rate and for plant growth LR 
   etc.) and simulation data  model was most suited 

[137] Post-harvest Fruit quality monitoring Thermal dataset of banana Convolutional Neural Network DL model exhibited 99% 
 engineering during storage images consisting of fresh, model accuracy 
   good, bad, rotten class of   

   bananas   

[32] Livestock management Monitoring physiological Sensor data of 98 cattle LSTM model Model was successful in 
  cycle of cattle indicating 8 activities  predicting the state change of 
   (Resting, Rumination,  cattle in the upcoming cycle. 
   Activity (High, Medium),  Model loss error on prediction 
   Panting, Grazing and  set: 5.197 
   Walking   

[138] Livestock management Development DT for entire Data from indoor SVM, KNN and LSTM Models LSTM model outperformed 
  lifecycle of cow positioning and inertial  other models. LSTM Model 
   measurement unit (IMU)  accuracy on data from indoor 
     position detection and IMU 
     devices: 94.97% 

[139] Controlled environment Real-time remote Real time database data State of the art ML models - ANN model showed 98% 
 agriculture monitoring and process and data from sensors LR, RF, KNN, DT, ANN, etc accuracy for process 
  management in greenhouse (Climate data, temperature,  management. 
  (lighting, water level, soil type, plant type,   

  heating and cooling) species type,etc.)   

[75] Irrigation management Smart irrigation Dataset includes soil and Adaptive Neuro-Fuzzy The system was able to 
  management using digital meteorological parameters Inference System (ANFIS) accurately predict soil 
  twin  coupled with Genetic moisture levels for upcoming 
    algorithm model days. ANFIS-GA model 
     predicted the soil condition 

     with an accuracy of 95.85% 

 

administrative tool for handling a MySQL server, is responsible for 

managing the data in cloud storage. The intelligence layer, created in 

Visual Studio and coded in Python, facilitates communication with the 

cloud using MySQL and with the gateway using the MQTT protocol. The 

simulation tools EnergyPlus and DSSAT were selected to optimize 

productivity in the DTs. EnergyPlus prioritizes the optimization of 
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techniques for controlling the microclimate of crops, whereas DSSAT 

primarily focuses on the management of treatments for crops. In an- 

other study about controlled environments and digital twins, González 

et al. [142] created a monitoring DT (mDT) for improving CEA services. 

The mDT uses open-source software tools to collect data from CEA 

facilities for storage, computation and evaluation of data in local as well 

as remote ways. mDT operate with an objective of establish- ing 

extensive database of CEA and further using them for predictive 

modelling. As the current implementation focuses on data acquisition, 

processing, and visualization without automated actuation, it repre- 

sents a partially integrated digital twin – or digital shadow – within the 

CEA context. In another study, Hull et al. [143] presented a foun- 

dational approach by employing a data-driven thermal model using 

Support Vector Regression to predict internal greenhouse temperatures. 

Their work emphasizes the capability of DTs to simulate and forecast 

environmental conditions, enabling proactive climate control and op- 

erational efficiency. This approach effectively predicted temperatures 

inside the tunnel and regulated the operation of the cooling fan and wet 

wall. Building on such predictive capabilities, Qu [144] introduced a 

comprehensive DT framework for greenhouse climate control, which 

combines multi-objective optimization and evolutionary algorithms to 

refine actuator operations. This modular framework showcases the 

potential of DTs not just for simulation, but for integrated decision 

support aimed at reducing energy use and production costs. Expand- 

ing the functional scope of DTs beyond climate management, Dai 

et al. [145] proposed a pest management-oriented DT system that 

integrates machine learning models optimized via genetic algorithms. 

This system demonstrates how virtual and real-time feedback loops can 

enhance integrated pest management, supporting timely interven- 

tions and economic gains. Their approach reflects a shift toward data 

fusion and decision intelligence within CEA-focused DT applications. 

Further diversifying the landscape, Spyrou et al. [146] explored the 

integration of extended reality (XR) with DTs in the context of phar- 

maceutical cannabis production. By merging DTs with XR technologies, 

their study addresses the complexities of regulatory compliance, quality 

assurance, and user engagement in a highly specialized sector. The 

positive reception from stakeholders suggests that XR-enhanced DTs 

hold promise for intuitive interaction and training within complex 

agricultural environments. 

Monteiro et al. [148] carried out an investigation to achieve 

industrial-scale readiness (TRL7) for digital twins in vertical farms. 

Trial prototypes and industrial-scale prototypes were developed in the 

investigation. Laboratory-scale demonstration prototype was developed 

by interfacing multiple sensors (temperature, relative humidity, light 

intensity, and concentration of CO2) and actuators with Raspberry 

Pi. Further, a web interface was used for tracking the parameter values. 

In the following phases, the size and complexity were gradually 

increased. In the industrial scale prototype, the number of sensors was 

increased to ninety-four and this showed an increase in complexity of 

the physical layer. This necessitated a robust approach to hardware 

design using RPi’s GPIO multiplexing for sensor data acquisition. This 

was coupled with a fault-tolerant system to minimize the impact of any 

sensor malfunctions. The development included a 3D representation 

crucial for accommodating scalability demands both at design time and 

runtime. In a similar, aquaponic environment, Reyes et al. [147] 

investigated and developed a framework of DT specifically for hydro- 

ponic grow beds within the aquaponic system. The DT was successful in 

monitoring the real-time parameters like pH, electroconductivity, 

water and air temperatures, humidity, and light intensity, utilizing 

AI techniques to predict crop growth rates and weights (Fig. 8). For 

aquaponic system, Ghandar et al. [136] employed a cyber–physical 

implementation with adaptive features using a DT and ML. Several ML 

models such as LR, SVR, DT, and XGB were evaluated in the study 

to identify the optimal model for integrating into the decision support 

system. Ubina et al. [49] developed a DT infrastructure tailored for 

intelligent fish farming, leveraging AIoT principles. Their system 

combines real-time data collection from smart devices with cloud-based 

processing to deliver four major DT services: automated feeding, fish 

metric estimation, environmental monitoring, and health diagnostics. 

Each service is supported by AI-driven modules that perform predictive 

and analytical tasks, enhancing decision-making and enabling remote, 

web-based farm management. This approach exemplifies the power 

of data-centric automation in optimizing aquaculture production and 

sustainability. Similarly, Asfarian and Wulandari [149] proposed a 

DT platform architecture for smart aeroponic potato cultivation in 

Indonesia. Their design encompasses a sensor-enabled smart farm, a 

secure cloud-based backend for data storage and processing, and a user-

centric front-end for visualization and control. The architecture is 

designed with scalability and security in mind, using REST APIs and 

transport layer encryption to ensure safe communication between 

system components. The platform’s data analytics module employs 

machine learning and simulation techniques, transforming raw sensor 

data into actionable insights for farmers and stakeholders. This study 

highlights the role of DTs in bridging data acquisition with intelligent 

farm management, particularly in resource-efficient farming systems 

like aeroponics. Samikannu et al. [150] further demonstrated DT imple- 

mentation in an aquaponics setting, focusing on real-time monitoring 

and control of physical processes. By incorporating image segmenta- 

tion techniques to estimate crop growth and integrating various IoT 

sensors, their system enables continuous observation and model-driven 

decision-making. In general, recent studies indicate that the integration 

of Digital Twin (DT) technology in Controlled Environment Agriculture 

(CEA) holds significant potential for enhancing agricultural yield and 

improving resource efficiency [139,151–154]. 

 
5.2. Digital twin in soil and irrigation management 

 

DT technology redefines soil and irrigation management by pro- 

viding real-time monitoring, modeling, and optimization abilities. This 

technique utilizes data from several sources, such as sensors, remote 

sensing, and weather stations, to build a virtual replication of the 

real soil and irrigation systems. Within the field of soil management, 

digital twins make use of data pertaining to soil characteristics, includ- 

ing texture, structure, moisture content, and nutrient levels [47,155]. 

This continually updated data enables accurate and location-specific 

treatments. AI algorithms analyze this data, making predictions about 

the results of various soil management practices and providing guid- 

ance for making the best decisions. By replicating the behavior of the 

physical environment, DTs support proactive decision-making, enabling 

farmers and agronomists to fine-tune irrigation strategies, optimize 

water usage, and maintain soil health under varying climatic and field 

conditions [156,157]. Moreover, these systems facilitate early detection 

of issues such as over-irrigation, leaching, or drought stress, allowing 

timely interventions that can prevent yield loss. The adoption of DTs in 

this context also supports long-term sustainability goals by enhancing 

water-use efficiency, preserving soil quality, and reducing the ecolog- 

ical footprint of agricultural operations. As the pressure to produce 

more with fewer resources intensifies, DTs offer an adaptive framework 

for managing soil and irrigation systems with greater precision and 

reliability. 

Within the field of irrigation management, digital twins encom- pass 

detailed representations of water sources, distribution networks, 

moisture levels in soil, and water requirements of the crop. Real-time 

data integration enables accurate irrigation scheduling, ensuring crops 

receive the ideal water quantity, thereby reducing waste and improving 

crop output. DTs are employed to enhance the efficacy of advanced irri- 

gation technologies, including drip and variable-rate irrigation systems. 

These digital twins simulate different irrigation scenarios to determine 

the most effective patterns for water usage. Issues in the irrigation ap- 

proaches are improved by DT using the prediction made. This proactive 

strategy helps in reducing the amount of water wasted and the stress on 

crops. DT technologies are utilized to address irrigation challenges. 



13 

 

 

 

 
 

/ig. 8. Integration of digital twin for hydroponic grow beds within an aquaponic system employed by Reyes et al. [147]. 

 

Manocha et al. [75] developed a smart irrigation system using DT 

for estimating the daily irrigation requirements. The solution has been 

developed as a fully integrated Digital Twin framework. The real-time 

transmission of commands is enabled to the IoT system. The study 

employed soil moisture, temperature, and humidity data to calculate 

the water needs and provide irrigation suggestions to the farmers. The 

collected attributes are simulated by the digital twin and analyzed using 

ANFIS-GA model for estimating the soil moisture. In another study, 

Brocca et al. [158] introduced a Digital Twin Earth (DTE) model for 

hydrology. High-resolution Earth observation data with advanced 

modeling were used to simulate key hydrological processes such as soil 

moisture, precipitation, and river discharge. The model demonstrated 

success in forecasting floods and optimizing irrigation in the Mediter- 

ranean Basin. Complementing this, Rodríguez-Alonso [159] proposed a 

DT platform for wastewater treatment plants using a microservices 

architecture optimized for edge computing. By integrating LSTM-based 

predictive maintenance, active sludge modeling, and real-time data 

with BIM, the platform improved operational efficiency and resource 

use. Meanwhile, Cho et al. [160] developed a GIS-BIM integrated DT for 

agricultural infrastructure, enabling detailed visualization and real- 

time analysis of irrigation and drainage systems. Through UAV surveys 

and flow sensor data, the system allows farmers to adjust irrigation 

practices based on real-time crop health indicators, potentially improv- 

ing yield outcomes. Alves et al. [161] investigated the integration of 

an IoT platform equipped with simulation software to create a digital 

twin for managing irrigation. The primary objective was to create an 

automated pipeline for control and oversight of irrigation systems, 

taking into account the local variations in order to enable independent 

watering of separate management zones. The solution comprises an IoT 

platform based on FIWARE and a discrete event simulation model 

created using Siemens Plant Simulation software. The simulation model 

accurately reproduces the actions and functions of an irrigation system 

as described in a particular application context. The platform and 

the simulation model communicate in real time utilizing an OPC UA 

server. This technology has the potential to enhance farming operations 

and decrease water use by permitting farmers to acquire data on 

soil, weather, and crops, and to assess various irrigation methods. In 

another study, Bellvert et al. [162] investigated to determine if it is 

possible to automatically schedule irrigation for a commercial vineyard 

by using regulated deficit irrigation (RDI) strategies and incorporating 

near real-time data on the fraction of absorbed photosynthetically 

active radiation (fAPAR) obtained from Sentinel-2 images. In the study, 

the crop evapotranspiration simulations produced by the digital twin 

were compared to remote sensing estimations utilizing surface energy 

balance models and Copernicus-based inputs. The capability of DT 

approaches in soil and water management practices has been pointed 

out in numerous other recent studies [163,164] also, indicating the 

pivotal role in future irrigation system. Li et al. [165] addressed the 

technical challenge of modeling dynamically changing soil conditions 

during subsoiling by proposing a DT framework based on line struc- 

tured light. Through field and indoor experiments, they compared three 

laser centerline extraction methods: extreme value, grayscale centroid, 

and the Steger algorithm. The grayscale centroid method demonstrated 

optimal performance, balancing low processing time (16 ms) with 

consistent memory usage and environmental stability. Additionally, 

their analysis revealed that image capture frequency positively influ- 

ences 3D reconstruction quality, while platform movement speed has a 

negative impact, affirming the feasibility of real-time DT-based soil 

modeling. In contrast, Tsakiridis et al. [155] introduced a conceptual 

and architectural framework for a cognitive soil DT system capable 

of integrating diverse datasets to simulate ecosystem services. The study 

emphasized challenges such as data integration, model accu- racy, and 

privacy, while also highlighting opportunities for policy evaluation, 

sensor innovation, and enhanced soil monitoring. The call for an open-

source, collaborative infrastructure reinforces the impor- tance of 

transparency and cross-disciplinary engagement. From the reviewed 

studies, it is evident that the majority of smart irrigation systems adopt 

a fully integrated Digital Twin architecture, enabling real-time sensing, 

data-driven decision-making, and automated actua- tion. However, a 

considerable number of implementations in irrigation and soil 

management are based on digital shadow, which focus primar- ily on 

data acquisition and monitoring, lacking closed-loop control and 

bidirectional communication. 
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5.3. Digital twin in crop monitoring and cultivation support 

 

Within the context of crop health monitoring, DTs enable the timely 

identification of stress factors, such as insufficient intake of nutrients, 

lack of water, or the presence of pathogens, by means of continual 

analysis of sensor data. This allows for prompt responses that can 

reduce any reductions in yield. In addition, digital twins enhance 

accurate pest and disease management by combining data on pest pop- 

ulations, environmental conditions, and crop susceptibility [109,166]. 

This integration aids in the creation of focused and efficient control 

strategies. Estimating yields is another crucial issue in which digital 

twins provide significant advantages. Digital twins have the capability 

of accurately predicting possible agricultural yields by modeling the 

growing pattern of crops under different situations. The predictive ca- 

pability is improved by the continuous feedback loop between the real 

and virtual worlds, enabling the calibration and validation of models 

using real-world data. However, DT applications in crop monitoring 

predominantly adopt a digital shadow approach, focusing on data 

collection and analysis for environmental and crop health parameters, 

with limited integration of real-time control or closed-loop feedback. 

Madeira et al. [166] utilized DT technology to efficiently monitor the 

land and plants of small and medium scale farms. Through DT 

environment, effective plant disease prediction was carried out with the 

help of multi-sensor data. The study introduces the TWINSOR concept 

with mixed reality that utilizes a range of sensors, including satellite 

images. An ML-based data analysis service was employed to analyze 

and make strategic decisions. The system is collaboratively created with 

stakeholders to guarantee its benefits to farmers. Us- ing 

technologies such as TWINSOR, small-scale agricultural operations 

have opportunity to enhance performance and minimizing the use 

of pesticides. In another promising study, Mummaneni et al. [167] 

employed digital twins for the paddy field to assess the health and 

nutrient requirements. An extensive 3D model was created in the study 

that included strategically positioned sensors to collect real-time data 

on pH, EC, humidity, moisture, NPK levels, and visual data using 

cameras. A model combining CNN and EfficientNetB1, optimized with 

an Adam optimizer was trained to accurately identify diseases and 

nutrient deficiencies. The digital twin employs remote sensing, data 

analytics, and IoT devices for producing instantaneous monitoring and 

examination of crop health and nutrient concentrations. In another 

study, Angin et al. [79] proposed a digital twin framework, AgriLoRa, 

that utilizes a wireless sensor network installed on farms for crop moni- 

toring. This WSN is combined with cloud servers that employ computer 

vision algorithms to identify plant diseases, weed cluster, and nutrient 

deficits. In order to assess the viability of precise plant disease diag- 

nosis, the authors carried out initial tests utilizing agricultural vision 

datasets and computer vision modelsMobileNet and UNet. AgriLoRa 

demonstrates potential as an affordable and accurate smart agriculture 

solution, catering to the growing need for high-yield produce among 

farmers worldwide. Onwude et al. [168] developed a mechanistic- 

driven DT of the fruit growth process to identify how weather variations 

between growing locations affect Valencia orange quality at harvest. 

Daily data on temperature, humidity, rainfall, solar radiation, and wind 

speed is included in the digital model. The findings show that several 

quality parameters of oranges are significantly impacted by the local 

meteorological conditions. The study also brought to light how the 

growing process affects the temperature gradient inside the fruit. 

Khatraty et al. [169] proposed a DT architecture for rice field man- 

agement that integrates IoT sensors, satellite data, and deep learning 

models to predict yield, weather, and soil conditions. Their approach 

enhances decision-making by providing farmers with real-time insights 

and future directions such as rice classification and light intensity 

measurement using specialized sensors. In another study Archambault 

et al. [170] proposed a modeling methodology to bridge the gap be- 

tween agronomists and growers in controlled environment agriculture 

by linking crop phenology with morphology. Their approach generates 

3D visualizations of crop morphology from phenological models to 

support prescriptive digital twin operations. Applied to vertical straw- 

berry farming and field-grown canola, the model showed promising 

results for strawberries but required refinement for canola. The study 

highlights the need for better calibration and morphological state conti- 

nuity for real-time and autonomous digital twin applications. Skobelev 

et al. [171] introduced an ontologically driven multi-agent digital twin of 

plants (DTP), designed to simulate the crop production process by 

considering physiological, morphological, and technological parame- 

ters. The architecture features a dynamic knowledge base and allows for 

real-time crop and variety changes without reprogramming. Their 

prototype system, validated through experimental cultivation, supports 

multi-crop adaptability and regional decision-making for agronomists. 

In another related study, they extended the DTP by incorporating envi- 

ronmental and resource-based models to enhance accuracy at various 

plant growth stages [172]. Chunjiang et al. [173] leveraged large lan- 

guage models (LLMs) within a DT framework to model vegetable crop 

growth, overcoming the limitations of traditional rule-based systems. 

Using high-resolution sensor data and intelligent agent ensembles, 

their system achieved high accuracy in predicting growth stages and 

conditions, demonstrating significant improvements over conventional 

models. 

Research has demonstrated substantial progress in the field of crop 

development [176,177], crop monitoring [109,178–180], and cultiva- 

tion support, emphasizing the possibility of enhanced productivity and 

environmentally friendly farming practices. 

 

5.4. Digital twin in post-harvest operations 

 

The digital twin used in post-harvest operations may combine up-to- 

date information, historical data, and predictive modeling to enhance 

the efficiency of handling, preserving, and transporting agricultural 

produce [181,182]. DTs allow for accurate monitoring and manage- 

ment of the post-harvest environment by replicating it digitally, in- 

cluding parameters like temperature, humidity, and storage conditions. 

This ensures the product’s quality and safety. Additionally, DT aids in 

the execution of sophisticated management systems to mitigate post- 

harvest losses, a major issue in the agricultural industry. Through the 

process of simulating various situations, stakeholders can predict future 

problems and take proactive measures to address them. For instance, 

DTs can replicate the impact of different storage conditions on the shelf-

life of perishable goods, enabling real-time adjustments to ensure the 

optimal possible conditions. Moreover, these models can aid in the 

efficient scheduling and routing of transportation, minimizing delays 

and preserving the quality of the produce during transit [183,184]. 

In addition, digital twins facilitate traceability and ensure compliance 

with food safety requirements by preserving a comprehensive, digital 

record of all post-harvest processes. This feature is especially vital in 

cases of contamination or spoiling, since it allows for quick detection 

and separation of impacted batches, hence reducing the impact on the 

supply chain. 

DT technology shows great potential for optimizing and improving 

the efficiency of fruit and vegetable supply chain management [175, 

185–187] by providing real-time monitoring, predictive analytics, and 

data-driven decision-making capabilities. In general, digital Twin im- 

plementations for fruit condition monitoring typically follow a partially 

integrated approach, often characterized as digital shadows, where 

unidirectional data flow enables monitoring, predictive modeling with- 

out real-time control or feedback mechanisms. Defraeye et al. [175] 

developed a digital fruit twin using mechanical modeling and with 

reference to the recorded environmental temperature, this DT mimics 

the thermal behavior of mango fruit across the cold chain. Understand- 

ing, recording, and this strategy greatly simplifies the prediction of 

temperature-dependent deterioration in fruit quality across every stage 

of the supply chain. In another study, Shoji et al. [188] utilized a 

physics-based DT to manage the hygrothermal conditions around fresh 
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/ig. 9. Framework of a physics driven digital twin in transport chain of fresh horticultural produce [174] (image of mango fruit digital twin adapted from 

Defraeye et al. [175]) 

 

fruits and vegetables in order to improve their preservation (Fig. 9). As 

conventional temperature monitoring in cold chains often takes place 

just from the supplier to the distribution center, the authors expanded 

the monitoring of temperature across the whole cold chain. From pre- 

cooling to retail, the thermal data was converted into meaningful 

measures using physics-based DTs. The analysis examined 331 cold- 

chain shipments of cucumbers, eggplants, strawberries, and raspberries. 

The research included thermal data into digital twins to accurately 

measure mass loss, fruit quality, and remaining shelf life. Similar to this 

study, Onwude et al. [174] also studied regarding physics-based DTs to 

address variability in fruit quality while arriving at retail. A Markov 

Chain Monte Carlo (MCMC) approach was utilized to create a virtual 

population of 1,000 individual orange fruits during harvest. After that, 

multiple orange quality parameters such as mass loss, fruit quality 

index, shelf life remaining, injury severity due to chilling, etc, were 

assessed with respect to pre-harvest conditions. Additionally, their 

variations in hygrothermal conditions during transportation was also 

studied. Zhang et al. [189] presented a physical twin model for ac- 

curately simulating and monitoring kiwifruit core temperature during 

postharvest pre-cooling. By analyzing six fruit characteristics across 

two kiwifruit cultivars, fruit weight and volume were identified as 

key factors influencing pre-cooling efficiency, while physiological traits 

had lesser impact. A physical twin, constructed using specialized clay 

and soil, achieved high accuracy in replicating core temperature dy- 

namics. Integrated with real-time detection and wireless transmission, 

the model offers a precise and intelligent solution for core temper- ature 

monitoring, supporting improved pre-cooling management and long-

term storage of kiwifruit. Maheshwari et al. [190] proposed a 

DT-based framework to integrate procurement, production, and distri- 

bution (PPD) strategies in a medium-scale food processing company. 

Using mixed-integer linear programming (MILP) and agent-based sim- 

ulation (ABS), the study captures the interactions among suppliers, 

manufacturers, and customers under operational constraints. The ap- 

proach enhances supply chain performance by improving scheduling, 

reducing lead times, and minimizing data redundancy. It also strength- 

ens overall operational and equipment effectiveness while supporting 

real-time decision-making. In another study, Nair et al. [191] intro- 

duced a novel, low-cost digital twin framework for food safety using 

monocular depth estimation and mixed reality (MR) technologies. The 

system reconstructs 3D models of fresh produce from single 2D images 

and enables interactive visualization in the Unity MR environment, 

including deployment on Microsoft HoloLens 2. The approach accu- 

rately assesses surface degradation such as bruising, allowing dynamic 

monitoring of quality deterioration. The integration of Global-Local 

Path Networks (GLPN) enhances depth perception, while the mesh- 

overlay technique aids in visualizing structural compromise. Melesse et 

al. [137] performed an investigation in the field of postharvest engi- 

neering aimed at reducing fruit waste by monitoring and estimating the 

conditions of fresh fruits throughout their lifecycle. The study described 

a DT as a virtual replica of real produce. A thermal camera was em- 

ployed as a data collection tool because of its capacity to detect surface 

and physiological changes in fruits during storage. The collection of 

thermal data, categorized into four distinct groups, was utilized to train 

the model using advanced intelligence technologies provided by SAP 

(Fig. 10). A deep CNN was utilized to monitor the fruit’s condition using 

temperature data, resulting in a remarkable prediction accuracy 
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/ig. 10. Architecture for fruit based digital twin developed by Melesse et al. [137]. 

 

of 99%. This innovative method showcases the possibility of creating 

efficient digital replicas of fruits. From cold chain logistics to pre- 

cooling and food safety, DTs offer scalable, data-driven solutions suited 

to various types of produce and operational needs. The integration 

of physics-based models and real-time data enhances transparency, 

traceability, and operational efficiency. As adoption progresses, digital 

twins are expected to play a key role in strengthening post-harvest 

management systems. 

 
5.5. Digital twin in livestock monitoring and management 

 

Animal welfare, productivity, and operational efficiency are all being 

improved by the increasing use of DT technology in livestock 

monitoring and management [192,193]. DTs are capable of simulating 

and predicting animal health status, and interactions. Through the use 

of sensors to track body temperature, heart rate, activity levels, and 

dietary intake, the DT can offer a thorough understanding of the physi- 

ological and behavioral conditions of livestock. Through the processing 

of this data by advanced algorithms, diseases, stress, and other health 

problems may be detected early, allowing for prompt treatments and 

lowering morbidity and death rates. Digital twins also offer a platform 

for maximizing feeding schedules, housing conditions, and general farm 

management procedures by simulating various management techniques 

and climatic situations. 

DTs used in livestock management also back precision farming 

initiatives, which improve resource usage effectiveness and efficiency 

through data-driven choices. Better land, water, and feed management 

as a result supports more sustainable methods. Additionally, the con- 

tinuous feedback loop created by the digital twin allows for dynamic 

adjustments to management practices, ensuring optimal conditions for 

animal welfare and productivity. Fig. 11 shows some of the promising 

application areas of DT in livestock management. Several studies have 

explored the application of digital twin technology in livestock moni- 

toring and management. Zhang et al. [138] presented a DT architecture 

for cows with the objective of enhancing animal welfare and production 

efficiency. The system classifies feeding and non-feeding behaviors 

using data from inertial measuring units (IMUs) and indoor positioning 

data. A custom-made collar integrated with Ultra-wideband chips and 

inertial measurement units (IMUs) was placed on the five healthy non- 

lactating Holstein cows for collecting accurate and real-time location 

and movement of the neck. Machine learning models SVM, KNN, and 

LSTM were employed for classifying cow behavior. The client interface 

in the system offered a user-friendly approach for the stakeholders to 

manage the cows, including notifications for abnormal circumstances to 

improve reaction times and operational effectiveness. In another study, 

Zhang et al. [193] developed a multimodal data fusion framework to 

construct a cow digital shadow. This shadow was able to understand key 

behaviors such as drinking, feeding, lying, standing, and walk- ing. 

The data from inertial measurement units (IMUs) mounted on custom-

made collars and video feeds from barn cameras were utilized and 

through which both motion and visual modalities are captured. Deep 

learning models viz., EfficientNet, BiLSTM, and Transformer ar- 

chitectures were employed to enhance behavioral classification. The 

approach demonstrated substantial improvements in behavior recogni- 

tion compared to single modality methods. In a similar study on cattle, 

Han et al. [32] utilized the DL model, LSTM to predict the physiological 

cycles and real-time monitoring. The work utilized a farm IoT system 

and sensor-generated data to remotely monitor and track cattle, gener- 

ating a digital twin model based on DL. Studies show that DT Livestock 

farming has achieved success rates of 92%, 94%, and 94% success rate 

in estimating the heart rate [194]. The HVAC system in pig houses plays 

a crucial role in optimizing the atmosphere to promote pig growth, 

therefore improving production efficiency (heating, ventilation, and air 

conditioning). Jeong et al. [195] performed research investigating the 

influence of DT technology on HVAC systems in pig houses, with a 

special emphasis on enhancing production. In order to assess the 

effectiveness of the digital twin structure in the pig house, a series of 

simulations were performed utilizing real-world datasets. The results 

showed that the use of DT-based dynamic simulation analysis not only 

delivered energy-efficient solutions during the design phase but also 

offered valuable insights into optimal HVAC system control that can be 

applied during real-time operation. Petrov and Atanasova [196] inves- 

tigated the application of augmented reality (AR) and virtual reality 

(VR) technologies in animal husbandry education and management. 

They proposed a framework that integrates the Five-Domain Model 

with Precision Livestock Farming (PLF), enabling the creation of 3D 

virtual models of barns and animals using data from IoT sensors. These 

immersive digital resources serve multiple purposes from providing 

safe and humane educational environments to enhancing the profes- 

sional experience of breeders. In addition, the framework incorporates 

AI-driven monitoring to detect anomalies and suggest corrective mea- 

sures, contributing to proactive animal welfare management. In another 

study, Raba et al. [197] through the IoFEED project, implemented 

a digital twin approach to optimize animal feed supply chains. By 

deploying sensors in farm bins to collect real-time inventory data, 

and combining this with advanced optimization techniques, the study 

addressed logistical challenges such as feed type compatibility, depot 

constraints, and biosecurity considerations. Jo et al. [198] presented a 

design approach for a smart pig farm that uses digital twin technology 

to enhance animal well-being. The proposed framework consisted of a 
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digital farm engine and a digital farm framework layer. The purpose 

of the digital farm engine layer is to evaluate livestock farms based on 

specified criteria. This layer consists of four components: modeling and 

analysis, simulation, big data, and visualization. On the other hand, the 

primary function of the digital farm’s framework layer is to regulate the 

communication among sensors and devices installed in physical animal 

farms. 

Despite being in its nascent stage, DT technology for livestock man- 

agement has shown promising progress, with significant work under- 

way to improve the productivity [194,199,200]. These ongoing studies 

indicate a strong momentum toward the adoption and advancement of 

DTs in livestock management [196,201]. 

 
5.6. Digital twin in agriculture machinery 

 

The use of digital twin technology in farm machinery signifies a 

notable progression in intelligent farming [78,202]. Crop production 

machinery, including tractors, harvesters, and robots, can employ dig- 

ital twins to gather and analyze real-time data. These digital twins 

constantly monitor and describe the conditions of their physical coun- 

terparts [203,204]. This feature enables prediction and recommenda- 

tion of solutions based on the gathered data, enhancing performance 

and minimizing fuel and energy usage. Through the utilization of 

big data analytics [205,206] and AI models, DTs have the ability 

to identify possible machine malfunctions before or as they happen, 

hence reducing downtime and minimizing expenses associated with 

maintenance. Furthermore, the utilization of efficient edge-computing 

systems in combination with digital twins minimizes delay by restrict- 

ing the volume of transferred data, guaranteeing prompt and precise 

information flow. This technology facilitates instantaneous monitoring 

and decision-making and improves the efficiency of autonomous robots, 

harvesters, and tractors. Digital twins aid in the maintenance of equip- 

ment performance by anticipating and resolving problems before they 

worsen, hence minimizing waste and emissions caused by machinery 

malfunctions and inefficiencies. Yin et al. [207] proposed a lightweight, 

network-based digital twin system for combine harvesters to over- 

come limitations posed by traditional systems that rely on large-scale 

physical engines and lack the ability to model complex transmission 

components. Their framework integrates physical modeling, real-time 

data interaction, and human–computer interfaces to enable precise 

simulation and fuel consumption prediction, exemplified through the 

Lovol GM100 combine harvester. 

For efficient robotic harvesting of delicate fruits like raspberry fruit, 

Junge et al. [208] presented an innovative approach. Soft robotic 

technology was used along with a sensor embedded physical twin 

for the harvesting purpose. This approach is an extension of digital twin 

to the physical domain and was utilized for training the robotic 

harvester in the labs. This simulator enables direct comparisons with 

human demonstrations and facilitates refinement of robot controls. 

This system showed 80% of success rate with the robot that was taught 

in the lab. This technique is beneficial in efficient design and 

optimization of harvesting robot with cost-effectiveness and improving 

precision. Nemtinov et al. [209] developed digital replicas of agricul- 

tural machinery, with a specific emphasis on integrated units used 

for seed preparation and planting. The authors provide a hierarchi- 

cal framework for the DT model that consists of multiple parts. It 

included parametric 3D geometric models, individual units, techniques, 

mechanisms, and components, along with the associated attributive 

data. The study showed the development of a full DT architecture 

that precisely represents and effectively analyzes complex agricultural 

machinery using digital means. This strategy is helpful in improving the 

design, maintenance, and operating efficiency of agricultural machines. 

In another study, A DT based robotic system was developed by Malik et 

al. [210] for precision weed removal in carrot fields using laser tech- 

nology. Gazebo-ROS was used for implementation and the manipulator 

was designed with four degrees of freedom to ensure targeted weed 

elimination with high spatial accuracy. Their work demonstrated the 

feasibility of DTs for environmentally sustainable agricultural interven- 

tions. In a similar study, Flores et al. [211] attempted to address the 

challenge of creating realistic digital farm environments for robotic 

simulation. The proposed method was semi-automated method and 

generated a detailed tomato farm models compatible with ROS 2 in both 

Gazebo and Unity. Their open-source contribution provides a 

parameterizable DT environment for enhanced AI-based sim-to-real 

transfer. 

Recently, there has been an increasing interest in user-centered 

design methods in the creation of machines, employing immersive tech- 

nologies like VR and MR. These technologies enable the development of 

digital prototypes that include user feedback throughout the product 

design phase. Moser et al. [212] developed an interactive digital twin 

utilizing mixed-reality technology to replicate tractor driving. This 

allows for the involvement of actual users in the early evaluation of user 

experience (UX). The purpose of this transdisciplinary approach is to 

verify the design of the control dashboard for the tractor. The 
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outcome of this study is an MR simulator that integrates virtual ma- 

terial with physical controls, capable of accurately replicating plowing 

tasks. This cutting-edge simulator improves the design process by en- 

abling designers and engineers to collect crucial user input in the early 

stages, therefore enhancing the overall usability and effectiveness of the 

agriculture machinery. 

The implementation of DTs in agricultural machinery significantly 

contributes to sustainable farming practices by facilitating the imple- 

mentation of predictive maintenance and enhancing the efficiency of 

machinery operations [35,45,213–215]. 

 
6. Discussions 

 

The present study is structured around key research questions that 

shape the scope and depth of this review. RQ1 addresses the signif- 

icance of integrating digital twin (DT) technology into modern agri- 

cultural practices, aiming to uncover the core motivations behind its 

adoption in this domain. This study highlights how the agricultural 

sector is increasingly confronted with environmental uncertainties, 

resource inefficiencies, and labor shortages. In response to these pres- 

sures, digital twin technology is presented as a potential approach that 

enables real-time, data-driven decision-making through the continuous 

synchronization of physical systems with their virtual counterparts. The 

enabling technologies defined in this study form the technolog- ical 

backbone of digital twin systems in agriculture. Together, they 

empower DTs to function as dynamic, high-fidelity virtual replicas of 

physical farming environments, capable of simulating, predicting, and 

controlling agricultural processes with remarkable precision. Beyond 

immediate productivity gains and resource optimization, the value 

of digital twins (DTs) in agriculture extends to broader objectives 

such as enhancing climate resilience and improving operational adapt- 

ability. In an era of increasing climatic variability, DTs provide a 

powerful framework for simulating diverse environmental conditions 

and proactively adjusting farm operations. For instance, a DT-enabled 

automated irrigation system can integrate real-time weather forecasts, 

soil moisture data, crop growth stages, and evapotranspiration rates to 

autonomously regulate water delivery. This ensures that crops receive 

precise amounts of water when and where needed, minimizing over- 

irrigation or water stress. Such closed-loop systems not only conserve 

water resources but also help stabilize yields under erratic weather 

conditions, demonstrating how DTs enable agriculture to shift from 

reactive to predictive and adaptive management practices. Looking 

ahead, the incorporation of emerging enabling technologies is expected 

to further elevate the capabilities and reach of agricultural digital twins. 

As discussed in the enabling technologies section, emerging tools like 

blockchain, federated learning, and TinyML have huge role to play 

in advancing the effectiveness and accessibility of agricultural digital 

twins. The RQ2 explores the major transformations DTs can bring to 

the sector by uncovering their potential applications across diverse 

farming activities. While RQ1 sets the rationale for why DTs matter, 

RQ2 shifts the focus to how they can drive change at scale. As 

demonstrated throughout the review, their applications span precision 

irrigation, crop modeling, greenhouse automation, and even livestock 

health monitoring, highlighting the diverse ways DTs are being utilized 

in agricultural systems. Another key observation from the reviewed 

literature is that the analytical and decision-making capabilities within 

most digital twin frameworks in agriculture are predominantly driven 

by machine learning and deep learning models. Among these, convo- 

lutional neural networks (CNNs) are the most commonly employed, 

particularly in applications involving image-based analysis. 

As seen across application areas like soil monitoring, livestock 

tracking, and crop health assessment, the dominant architecture is that 

of digital shadows, where sensor data is collected, visualized, and 

sometimes analyzed, but with little or no autonomous feedback loop to 

influence physical systems in real time. This observation aligns with the 

findings of Purcell and Neubauer [50], whose study indicates 

that partially integrated systems – or digital shadows – constitute the 

majority of implementations across current agricultural research and 

practice. Their analysis emphasizes that while these systems do not 

fulfill the complete criteria of a digital twin, they nonetheless represent 

a critical phase in the technological adoption curve. However, rather 

than being viewed as limitations, these early-stage implementations 

offer valuable insights into the developmental pathway of digital twins. 

They serve as stepping stones that reveal the technical, organiza- tional, 

and contextual requirements needed to evolve toward fully functional 

digital twins. Moreover, the dominance of digital shadows underscores 

the importance of incremental development and modular system 

design, especially when applying digital twin concepts to new and 

diverse agricultural applications. This limitation arises primarily 

because agriculture, as a domain, is still in the early stages of adopting 

the high levels of cyber–physical integration required for full digital 

twin functionality. These systems largely serve as decision-support tools 

for human operators rather than fully autonomous control systems. 

Nonetheless, these partially integrated systems still provide meaningful 

value. For instance, platforms that combine crop growth models with 

weather and phenological data help optimize yield predictions and 

guide decisions around irrigation and fertilizer use, demonstrating tan- 

gible benefits even without full bidirectional feedback. However, there 

are emerging applications that increasingly adopt true digital twin with 

bidirectional communication. For example, automated irrigation 

systems represent a notable advancement, where soil moisture data is 

not only monitored but also used to trigger real-time adjustments in 

irrigation schedules through actuators, closing the loop between sens- 

ing, decision-making, and action. Similarly, harvesting robots equipped 

with real-time imaging and decision systems adjust their behavior 

based on dynamic crop conditions, such as ripeness or spatial ori- 

entation, reflecting a true twin architecture. In precision greenhouse 

management, digital twins are employed to monitor parameters like 

temperature, humidity, and CO2 levels, and then autonomously con- 

trol heating, ventilation, and nutrient delivery systems to maintain 

optimal growth environments. These examples illustrate that while 

the majority of current systems are still operating as digital shadows due 

to infrastructural and contextual limitations, there is a growing body of 

applications moving toward the full integration required for digital twin 

functionality. RQ3, which explores the challenges and implementation 

barriers of digital twin solutions in agriculture, is also systematically 

addressed in this study. The discussion highlights several critical 

obstacles that hinder widespread adoption, including infras- tructural 

constraints, lack of data and system interoperability, high deployment 

and maintenance costs, and the limited technical expertise available. 

Collectively, the research questions RQ1, RQ2, and RQ3 have guided a 

structured exploration of the importance, true potential, and 

implementation barriers of digital twin technology in agriculture. 

 
7. Key performance indicators for agricultural digital twin 

 

Key performance indicators (KPIs) are critical assessing the effi- 

ciency of DTs in the field of agriculture. This section examines five 

essential KPIs viz., productivity, product quality, cost savings, resource 

utilization, and user satisfaction (Fig. 12). Every Key Performance 

Indicator (KPI) provides different perspective in order to assess the 

influence of DT technology and are well inter connected. 

• Productivity: The productivity KPI helps in assessing the ef- 

ficiency related to maximizing agricultural output, enhancing 

resource utilization, and optimizing labor and machinery usage. 

DTs can improve overall output by offering accurate yield es- 

timation method and suggest the best technique to achieve it. 

They provide better monitoring strategies which allows farmers to 

make effective decision making for improved crop management. 

For example, the soil quality and weather conditions can be 

monitored using DTs and the best suitable time for sowing and 



19 

 

 

 

 
 

/ig. 12. Key performance indicators for digital twin. 

 

harvesting can be predicted and thus, crop can grow in ideal 

conditions. Further, pest outbreaks and nutrient deficiencies can 

be detected at the early phase for minimizing the loss. 

• Quality of Product: The quality of a product describes the excel- 

lence of agricultural produce. Digital twins are essential for mon- 

itoring and enhancing crop quality by offering in-depth analysis 

of different development parameters. They monitor and evaluate 

data related to soil composition, water quality, weather condi- 

tions, and crop health, allowing farmers to uphold ideal growth 

conditions. For instance, a digital twin can assist in modifying 

irrigation schedules and fertilizer applications to guarantee that 

crops receive the appropriate quantity of water as well as nutri- 

ents when required. This precision farming method leads to the 

production of crops. 

• Cost Savings: Cost saving is a crucial KPI for digital twins in 

agriculture, reflecting the reduction in expenses associated with 

farming operations. Although the implementation of DT tech- 

nology in agriculture involves a significant initial setup cost, 

the long-term economic benefits often outweigh these upfront 

investments. By employing digital twins, farmers may analyze and 

optimize the utilization of resources, deployment of labor, and 

workflows, resulting in substantial cost reductions. DTs facilitate 

the identification of potential issues and the recommendation of 

cost-effective measures by offering real-time data and predictive 

analytics. Moreover, digital twins can contribute to the reduction 

of machinery downtime by accurately forecasting maintenance 

requirements and strategically planning repairs in advance. 

• Resource Optimization: Resource optimization KPI quantifies 

the effective utilization of resources such as water, fertilizers, 

insecticides, and energy in farming operations. Digital twins en- 

hance resource optimization by offering comprehensive, up-to- 

date knowledge regarding the requirements and state of crops. 

They allow the implementation of precise agricultural techniques, 

guaranteeing the efficient and wise use of resources. Digital twins 

not only optimize input utilization but also contribute to de- 

creasing energy consumption by providing recommendations for 

energy-efficient agricultural techniques and machinery usage. 

• User Satisfaction: User satisfaction KPI measures the efficiency 

and usability of DT solutions from the viewpoint of farmers and 

other stakeholders. A high level of user satisfaction signifies that 

the system is user-friendly, straightforward to navigate, and offers 

significant data that improves farming operations. In order to 

attain high levels of satisfaction, DTs must provide clear and 

practical advice, and they should be available through user- 

friendly interfaces. Training and support services play a vital 

role in assisting users to optimize the use of DT technologies. 

experience. 

 
8. Challenges and future directions 

 

The integration of DTs into agriculture presents significant chal- 

lenges that must be tackled in order to achieve successful implementa- 

tion. Agricultural stakeholders encounter issues that necessitate robust 

technology solutions and organizational preparedness, such as integrat- 

ing IoT sensors in diverse farming situations and efficiently processing 

and modeling large-scale data. Some of the prominent challenges of 

agricultural digital twins are listed below. 

• Interoperability of components: The various equipment, soft- ware 

and hardware platforms used in agriculture are created by 

different vendors. For this reason, it is necessary to ensure the 

smooth integration for the effective implementation of the DTs. 

The efficiency of data collection and analysis heavily depends on 

the differences in data formats, protocols and standards used for 

data exchange, etc. Standardized protocols are hence essential. 

The pre-existing farm management software and databases are 

also a key hindrance in migration. Most of the farms already using 

specialized software for different activities. Interacting with these 

existing systems while developing DT is a challenging task. Hence, 

it is essential to adopt interoperability frameworks which can 

align with agricultural standards such as ISO 11783 (for tractor–

implement communication) [216,217] and agroXML (for farm 

data documentation) [218,219]. Developing open source 

middleware solution can be beneficial. Approaches like develop- 

ment of plug-and-play modules that can standardize data across 

different components can also be effective. This can help small 
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and mid-size farms to achieve interoperability with DT technol- 

ogy without sophisticated components. Development of region- 

specific ontologies can also potentially benefit DT platforms to 

understand domain-specific parameters effectively. 

• Synchronization of Technology and Asset Lifecycles: Agricul- tural 

assets such as tractors and storage facilities have long life spans 

compared to the software and digital tools. This difference in 

lifecycle affects the stability of DT systems. The software used for 

design and simulation may become obsolete. This makes the DT 

system incompatible with new systems. The maintenance and 

upgradation of obsolete software and data formats used for the 

creation of digital twins are always cumbersome. Vendor lock-in 

is also another prominent issue where the agricultural stakehold- 

ers rely solely on one software to provide support. Additionally, 

when the vendor stops providing support or makes major changes 

to the software, it can cause issues with the performance of DT. 

This can also result in operational inefficiency. To tackle all these, 

modular DT architecture needs to be promoted, and modern data 

formats like JSON can be used. Establishing long-term service 

level agreements with software vendors can also ensure contin- 

ued support. Maintaining open source DT reference models for 

common assets can also benefit small and medium-sized farms in 

faster adoption and extension. 

• Technological maturity and understanding: There are signifi- 

cant gaps in understanding the potential and benefits of DT for 

individuals and industries [220]. The realization of Digital Twins 

is driven by the integration of multiple enabling technologies 

mentioned earlier. As these technologies continue to emerge and 

are still in stages of development, they affect the progress of 

DT. Additionally, selecting the appropriate platform from a large 

pool of DT implementation software requires a comprehensive 

knowledge of the capabilities of each choice and how they corre- 

spond to specific agricultural requirements. To address these gaps 

in the agricultural domain, capacity-building programs specific to 

different user groups should be developed. These can include 

region-specific digital twin demonstration pilots that allow hands- 

on experience and contextual learning. Moreover, development of 

farmer-friendly visual dashboards and local-language interfaces 

can help in solving this challenge. 

• Cost and infrastructure requirements: Coupling DTs in agri- 

cultural application involves initial setup cost. This covers the 

expenses associated with purchasing IoT sensors, data storage and 

other infrastructure setup cost. Farmers often have limited re- 

sources and they operate on a small scale and this high initial cost 

might prevent them from adoption of new technologies. Main- 

taining or upgrading the existing infrastructure to accommodate 

drastically changing technology needs is also difficult. In order to 

address this, a shared service model can be developed. In this, the 

farmers can access the different infrastructure through collabora- 

tion between government agencies, private companies and other 

agencies. The adoption of low-cost, open-source hardware along 

with energy-efficient communication protocols like LoRaWAN 

can also help for cost-effectiveness. Establishing local fabrica- 

tion ecosystems, supported by rural innovation hubs or agri- tech 

incubators is also beneficial. Additionally, integrating digital twin 

platforms with existing agricultural extension networks and 

mobile applications can extend their benefits without requir- 

ing significant new infrastructure. Policy interventions includ- ing 

subsidies for smart farming technologies and improved rural 

connectivity, can play a critical role in accelerating widespread 

adoption. 

• Latency: Time latency is a crucial challenge in the deployment 

of agricultural digital twins. Most of the applications require real- 

time monitoring and rapid response. Accuracy and timeliness of 

decision making and the overall efficiency of digital twin are very 

much dependent on this. This issue is severe in traditional cloud- 

based architectures. The data must travel to and from centralized 

servers and this introduces communication delays. Edge comput- 

ing is a panacea for this, where the data processing is made closer 

to the source, at the field level. This reduces latency and enables 

fast data processing and better synchronization between the 

physical and digital assets. Edge computing reduces the load on 

cloud servers by processing the critical tasks gets carried out at 

the edge. The system reliability is also maintained by carrying out 

the essential tasks even during the network failures. This Edge 

device, often combined with light weight AI models can help in 

generating intelligent decisions without relying on the cloud 

platforms and only the essential or high priority data will be 

transferred to the cloud. Handling latency is of paramount 

importance in the development of digital twins. 

• Privacy and Security Concerns: Agricultural digital twins create 

massive volumes of data from various sources. Managing and an- 

alyzing this immense data to generate meaningful insights is dif- 

ficult. Agricultural data generally includes sensitive information 

regarding farming approaches employed, land usage, yield infor- 

mation, pesticide usage, and personal data of farmers. This data 

must be kept private and unauthorized access to agricultural data 

can result in serious consequences. Since the data is stored and 

processed on linked networks and cloud, DTs are vulnerable to at- 

tacks such as malware, phishing and data interception. Protecting 

agricultural data from unauthorized access and manipulation re- 

quires strong cybersecurity measures including encryption, access 

limits, and security audits. To address these challenges in agricul- 

ture, approaches such as federated learning and blockchain can be 

leveraged to enhance data privacy, ownership, and traceability 

without compromising analytical capabilities. These technologies 

allow data to remain decentralized, reducing the risks associated 

with central storage and unauthorized access. Smart contracts can 

formalize data-sharing agreements, ensuring that stakeholders 

retain control over how their information is accessed and used. 

Agricultural data hubs managed by public institutions or coop- 

eratives can adopt role-based access controls to protect sensitive 

datasets. Complementing these technical safeguards, cybersecu- 

rity awareness programs for farmers and agri-tech workers – 

along with simplified, user-friendly privacy dashboards – can help 

improve digital literacy, build trust, and enable informed decision-

making. 

Future research in agricultural digital twins must evolve from siloed, 

task-specific applications toward efficient, secure, and intelligent sys- 

tems that span the entire agricultural lifecycle. One foundational need 

is the development of advanced digital twin definition languages (DT- 

DLs), such as Microsoft’s DTDL, that go beyond static entity descriptions 

to include dynamic property management, service orchestration, and 

context-aware behavior [221]. In agriculture, these languages should be 

able to semantically represent complex crop types, soil variations, 

climatic zones, machinery usage patterns, and lifecycle processes. Such 

formalism would enable seamless integration of DTs with IoT-based 

sensor networks, actuators, and cloud–edge infrastructures. Moreover, 

expanding the role of digital twins across all stages from planning and 

infrastructure design to operation, adaptation, and decommissioning, 

can lead to improved lifecycle cost estimation, early risk detection, and 

long-term resilience of agricultural systems. Modeling is another core 

aspect demanding significant advancement. Current approaches pre- 

dominantly rely on black-box, data-driven models such as ANN based 

models, which often lack transparency and are limited in generalizabil- 

ity. Future DT systems should emphasize hybrid modeling paradigms 

that combine AI with domain knowledge through physics-based simula- 

tions or process-based environmental models. These hybrid frameworks 

can enhance robustness in real-world agricultural settings, where con- 

ditions are dynamic. An important adjunct to these systems is the 
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integration of explainable AI (XAI), which enables interpretability of 

model decisions. In critical decision areas such as irrigation timing, pest 

outbreak alerts, or disease classification, transparency is essen- tial for 

building trust and ensuring informed user engagement. Data privacy, 

ownership, and integrity are crucial concerns as DTs gener- ate and 

process vast amounts of farm-level, geospatial, and personal data. 

Hence maintaining transparency is crucial in digital twin. Future 

research must continue exploring privacy-preserving architectures, es- 

pecially federated learning, which enables decentralized training of AI 

models without transferring raw data. Future research should explore 

advanced security paradigms such as quantum-resistant cryptography 

to ensure long-term protection against quantum-enabled attacks, and 

secure multi-party computation to facilitate privacy-preserving collab- 

oration and analytics among distributed stakeholders. Additionally, the 

adoption of zero-trust architecture offers a forward-looking strategy 

to enhance system resilience by enforcing continuous verification and 

minimizing implicit trust across the digital twin ecosystem. Improving 

modeling approaches is crucial for enhancing the ability of digital twins 

in agriculture to make accurate predictions and adapt to changing 

conditions. Future research should investigate hybrid methodologies 

that integrate physics-based models with data-driven procedures and 

other promising modeling techniques such as federated or gossip learn- 

ing in order to enhance dependability and performance. The research 

should prioritize the development of context-aware adaptive DTs that 

can independently adapt to changes in their environment by utilizing 

adaptive AI and ML methods. Moreover, it is of utmost importance 

to tackle the difficulties related to interoperability. Research should 

focus on creating standardized protocols and frameworks that make 

it easier to exchange data, maintain information, and communicate 

across different agricultural situations. This involves improving the 

interoperability across digital twins, IoT devices, farm management sys- 

tems, and cloud platforms, while also guaranteeing strong data security 

and privacy safeguards. Addressing data capture, sharing, security, and 

ownership challenges is vital for completely leveraging the potential of 

digital twins in agriculture. The research should prioritize the creation 

of standardized and efficient approaches for integrating data from 

various sensors, while also assuring integrity, confidentiality, and com- 

pliance with regulations. Scalability and equitable access are equally 

critical. DT solutions must be designed to operate in both high-tech and 

resource-constrained environments. Lightweight, modular digital 

twins capable of running on hybrid cloud–edge infrastructures can 

support real-time operation in rural areas with limited connectivity. 

The concept of Digital Twin-as-a-Service (DTaaS), hosted via regional 

agri-cloud platforms and accessed through mobile applications or SMS 

gateways, offers a scalable model for broader outreach. Equally impor- 

tant is the human–DT interaction layer. As digital twins increasingly 

influence operational and strategic decisions in agriculture, there must 

be an emphasis on explainability, usability, and accessibility. Research 

should focus on integrating multimodal human–machine interfaces, 

including voice-based interactions, gesture control, and augmented 

reality (AR) overlays for field-level visualization. Interfaces must be 

designed for low-literacy, multilingual, and mobile-first user bases to 

ensure inclusivity.To use farm digital twins responsibly, it is essential to 

build them correctly from the start. This means making sure they are fair 

and transparent for everyone. Responsible deployment of agricul- tural 

digital twins requires well-defined policy, ethical, and governance 

frameworks. Ethical AI principles should be embedded from the design 

phase onward for ensuring transparency and fairness. 

 
9. Conclusions 

 

This present study emphasizes the vital role of DT technology 

in promoting a more effective and sustainable agriculture sector. By 

integrating IoT-enabled sensing, artificial intelligence, and other cut- 

ting edge technologies, digital twins offer dynamic, real-time, and 

interactive representations of agricultural systems. These virtual coun- 

terparts enable precise monitoring and control of on-farm processes, 

thereby optimizing the use of critical inputs such as water, fertiliz- 

ers, and pesticides while minimizing environmental impact. Moreover, 

DTs empower data-driven decision-making by providing predictive 

insights that help farmers proactively manage risks associated with pest 

outbreaks, weather anomalies, equipment malfunctions, and other op- 

erational challenges. Despite these significant benefits, the widespread 

adoption of digital twins in agriculture faces several hurdles. Key 

challenges include high initial investment costs, the need for reliable 

and scalable digital infrastructure, limited digital literacy among end 

users, and concerns related to data privacy, cybersecurity, and system 

interoperability. Additionally, the integration of diverse technological 

components ranging from sensors to cloud platforms requires standard- 

ized frameworks and cross-platform compatibility. To fully realize the 

promise of digital twins in agriculture, future research must prioritize 

the development of cost-effective, modular, and scalable solutions spe- 

cific to farms of varying sizes and resource capacities. Emphasis should 

be placed on improving interoperability through open standards, en- 

hancing user experience through intuitive interfaces, and embedding 

ethical and privacy-preserving mechanisms into system design. Bridg- 

ing the gap between advanced technologies and everyday farming 

practices will be key to enabling widespread adoption and ensuring that 

digital twins contribute meaningfully to global food security, 

environmental sustainability, and the digital empowerment of farming 

communities. 
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