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Abstract
Agriculture has started to undergo a digital transformation in recent years due to advances in Artificial Intelligence, Cloud Computing, and data-driven decision support systems. In light of global food needs, climate uncertainty, and the optimal management of natural resources, conventional farming practices have become increasingly inadequate. Researchers and practitioners have therefore examined a whole gamut of AI-based methods relevant to crop monitoring, disease detection, yield forecasting, and sustainable farm management. This review aims to synthesize findings from recent high-impact studies targeting an improved understanding of how AI and cloud technologies apply to contemporary agriculture, along with challenges in adopting these technologies and the role of emergent human-centered AI in practically feasible and explainable decision support for farmers. For the purpose of this paper, a systematic review method was applied to identify, screen, and analyze relevant material from reliable databases. The review pointed to strong progress in AI-driven agricultural applications but also indicated several key limitations, including data set scarcity, absence of real-time evaluation, high dependence on hardware regarding IoT, and narrow usability focus for non-technical users. It concludes by underlining research gaps, stressing the need for scalable cloud-based AI solutions and human-centered design principles, and outlining some opportunities for future research to support sustainable and inclusive agricultural innovation.
1.Introduction
Agriculture is being fundamentally reshaped by the rapid development of new computational technologies that solve critical longstanding issues in food production. The increasing world population, climate instability, soil degradation, water shortage, and higher incidence of pest and disease outbreaks have together increased the pressure on agricultural systems. Traditional farming practices depend on human observation, experience-based decisions, and time-consuming monitoring activities. Such methods cannot fully ensure resilience, sustainability, and productivity at scale. Therefore, technological inventions like Artificial Intelligence, Cloud Computing, and data analytics represent the core of modern agricultural innovation.
AI has great potential for mapping complex agricultural data, revealing hidden patterns, and developing predictive insights to support pro-active farm management. Applications like disease detection in crops, yield prediction, resource optimization, and environmental monitoring have shown promising results across diverse agronomic settings. Simultaneously, Cloud Computing has allowed flexibility, scalability, and cost-efficient computation, and enabled large datasets to be stored and processed without the requirement of any expensive hardware on the field. The cloud platforms are also supporting continuous model deployment, real-time data access, and remote decision support, which makes them particularly useful for small and medium-scale farming communities that do not have high-end technological infrastructure.
Despite these advancements, practical AI adoption in agriculture still has a long way to go. A recurring challenge among the recent works is that it heavily relies on IoT devices, which are normally expensive, not easy to maintain, and not accessible for farmers in resource-constrained areas. Moreover, most AI models have been using black-box type models that make it hard for non-technical users to understand or trust model outputs. This has put a greater focus on the need for human-centered AI-an approach emphasizing explainability, usability, accessibility, and alignment of AI with user needs. Human-centered AI is particularly important in agriculture, where most decisions include high uncertainty and require contextual understanding, which usually cannot be fully captured by AI alone.
Given such gaps, there is a dire need for a comprehensive review of literature that looks at the present development and deployment of AI and cloud technologies in agriculture, existing limitations, and future opportunities. This review synthesizes findings from recent high-impact publications to provide an integrated view of the current landscape of AI- and cloud-based agricultural systems. Further, it assesses technological capabilities, practical challenges, and emerging paradigms such as farmer-centric interfaces and explainable AI. By recognizing strengths and relative shortcomings from existing approaches, the review lays a foundation to advance more accessible, scalable, and sustainable digital solutions supportive of real-world agricultural decision-making.

2. Methodology
This review adopted a structured and systematic approach befitting established guidelines for conducting literature reviews in scientific research. The methodology aimed to ensure transparency, reproducibility, and rigor in the identification, selection, and review of relevant scholarly publications on the subject matter of AI and Cloud Computing applications in agriculture, with particular focus on human-centered and sustainable support decision systems.
2.1 Data sources and search strategy
Material for the research work was obtained from a critical search in major scientific databases such as IEEE Xplore, Scopus, ScienceDirect, ACM Digital Library, SpringerLink, and Google Scholar. These were selected because they index high-impact journals in artificial intelligence, agricultural engineering, cloud computing, and interdisciplinary technological innovations [1], [2].
The relevant publications were retrieved using a combination of keywords and Boolean operators. Examples include:
“Artificial Intelligence in Agriculture”
“Cloud-enabled smart farming”
"Explainable AI agriculture"
“Human-centered AI decision support”
AI-based crop disease detection
"Sustainable agriculture digital technologies"
Advanced search filters were applied to ensure the results would contain only peer-reviewed journal articles, conference papers, and systematic reviews published between 2018 and 2025, relevant to the current state of technological advancement [3].

2.2 Criteria for Inclusion and Exclusion
The following inclusion criteria were put into practice to ensure the quality and relevance of the selected studies:
Included:
· Studies related to AI applications in agriculture, such as yield prediction, disease detection, and resource optimization.
· Research on cloud-based or cloud-supported agricultural systems
· Papers discussing explainable, interpretable, or human-centered AI approaches
· Studies using real data sets, agricultural case studies, or datasets publicly available
· High-impact journal articles: Q1/Q2 especially targeting IEEE Access, SN Computer Science, Journal of Cloud Computing, and similar venues [4]
Excluded:
· Anything that is just IoT hardware, robotics, or UAVs without an AI/cloud component.
· Purely theoretical papers lacking experimental validation or datasets
· Non-English publications
· Full-text not available Articles
· Patent documents, letters and non-peer-reviewed blog sources are These criteria have ensured that the review focuses on practical and data-driven AI solutions that are relevant to agricultural settings.
2.3 Screening Process
The screening process was done in four steps:
Identification: All articles retrieved using the database searches were listed and duplicates removed.
Screening: Titles and abstracts were screened for exclusion of irrelevant studies, general AI manuscripts, or works not applicable to agriculture.
Eligibility: Full-text articles were reviewed to confirm that they indeed met the inclusion criteria about AI, cloud integration, and/or human-centered design.
Final Selection: Accordingly, 48 studies of high quality were systematically selected for in-depth analysis; these included systematic reviews, experimental studies, and framework-based studies. [5]
2.4 PRISMA Flow Summary 
You may place the previous diagram here. Following is the text summary:
Number of records identified through database search: 776
Records after removing duplicates: 534
Records screened (title/abstract): 534
Full-text articles assessed for eligibility: 112
Studies included in the final review: 48
This systematic process ensured that the review had been grounded within rigorously selected scientific evidence.
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2.5 Data Extraction and Synthesis
Data extraction from the selected articles was guided by the following categories:
Study purpose and methodology
Types of AI models used (e.g., CNN, Random Forest, XGBoost)
Cloud computing environment or platform used Dataset characteristics: size, type, source Evaluation metrics: accuracy, precision, F1-score, computational cost Strengths, limitations, and insights on human-centred design Applicability to sustainable agriculture Thematic analysis was used to synthesize findings, thus enabling patterns and recurring concepts to emerge across studies [6]. The themes were then aligned with the research objectives and used to form insights for the discussion section.


3.Literature review
Artificial Intelligence has now taken center stage as a leading-edge technology in modern agricultural innovation, promising state-of-the-art functionalities to analyze crop conditions, predict yield, detect diseases, and optimize resource utilization. Initial works in the field identified that machine learning models were able to outperform conventional manual observation techniques by discovering complex relationships within soil, climate, and crop data sets that may not be easily observable by human experts. Later works illustrated the effectiveness of AI-driven decision support systems in aiding farmers by automating key tasks such as irrigation scheduling, nutrient management, and early disease detection that enhanced their productivity with minimal resource use. Most of the earlier AI models developed for agriculture were, however, created under controlled environments and often were deficient in real-time adaptability; thus, they are not practical in field deployment.
A substantial number of works have been conducted on plant disease detection using machine learning and deep learning techniques. CNNs have been widely adopted due to their strong performance in image-based disease classification tasks, reaching accuracy levels close to 98–100% for common diseases when conditions are ideal [3]. However, studies have consistently pointed out the limitations of such models due to variations in light conditions, background noise, leaf orientation, and small symptoms that are not easily detectable under field conditions [4]. Reviews also emphasize that most publicly available datasets are captured in laboratory environments and thus lack sufficient diversity to generalize well in field conditions. It has therefore created dependence on large curated datasets, which are mostly not available to a small-scale farmer. In order to overcome such issues, authors have proposed data augmentation, synthetic image generation, and multimodal data integration (e.g., climate + image data) as some strategies, yet these approaches have not been leveraged so far in any operational systems [5].
Parallel to AI developments, cloud computing has become a key technology for enabling scalable and accessible agricultural intelligence. Cloud platforms enable the storage and processing of large agricultural datasets without requiring the investment of expensive local hardware or IoT sensor systems by farmers. Indeed, research has indicated that embedding AI in cloud services significantly reduces computational constraints and hence extends real-time analytics for a wide range of agricultural tasks, including monitoring of environmental conditions and crop yield forecasts [6]. Works like Alzubi and Galyna (2023) have demonstrated that a cloud-enabled agricultural framework will be able to support distributed data collection, low-cost computation, and continuous system updates, enhancing the capability of farmers, particularly in low-resource regions, to derive value from AI-driven insights [7]. In practice, however, current systems are often technically complex and inaccessible for non-technical users, highlighting a gap between technological capability and practical usability.
Another emerging theme is that of human-centered AI, which designates the approach of building systems to support and complement rather than replace human decision-making. Human-centered models prioritize transparency, interpretability, and user trust, essentially addressing concerns about the "black-box" nature of many AI algorithms [8]. Holzinger et al. (2024) argue that agricultural decision  making often requires contextual understanding, ethical considerations, and experiential knowledge that AI cannot independently replicate. It follows that such AI systems must explain predictions, convey uncertainty, and permit human oversight of their suggestions. Research in this area suggests that the next evolution of smart farming, often termed Agriculture 5.0, will emphasize collaboration between humans and intelligent digital systems rather than fully automated farms [9].
While AI and cloud computing remain highly promising, several barriers persist in the literature reviewed. Many of the existing systems are heavily dependent on IoT sensors, drones, and advanced imaging systems, which can be economically or technically out of reach for smallholder farmers in developing regions [10]. Few integrated systems currently exist that combine AI models, cloud computing, and human-centered design principles into a single coherent, scalable framework. Most studies examine these components piecemeal, leading to fragmented systems that are challenging to deploy in real agricultural contexts. Moreover, very few usability studies or model performance tests are conducted with non-technical farmer perspectives, even though end-user acceptance remains crucial to successful adoption [11]. These knowledge gaps clearly indicate that an urgent need exists for functional, cloud-based, easy-to-understand AI frameworks that require no specialized hardware. Overall, the literature shows rapid progress in AI-driven smart agriculture and at the same time reveals significant gaps on grounds of usability, accessibility, availability of datasets, and integration within the system. The studies reviewed here all provide collective support to the next stage of agricultural digitalization requiring a high degree of priority-not only predictive accuracy but also affordability, interpretability, cloud-based scalability, and alignment directly with farmers' needs. These findings will inform the course of this research in designing a cloud-enabled, human-centered AI framework that addresses the limitations above while remaining practical to use for diverse agricultural stakeholders.
4.Research Gap
Although existing studies demonstrate the promise of AI and Cloud Computing in addressing major agricultural challenges, several significant gaps remain unaddressed in the current literature. The first such gap concerns the limited integration of AI and cloud technologies into a single, scalable decision-support framework. Most works consider AI-based prediction models and cloud-based storage or computation separately; therefore, most systems developed to date are fragmented and do not provide seamless end-to-end solutions for real-world agricultural applications [1]. Consequently, farmers need to use isolated tools, which have low or no interoperability, bar centralized access to data, and cannot offer continuous real-time decision support.
Another major research gap is that most of the agricultural decision-support frameworks depend heavily on IoT hardware. Although IoT-enabled systems are indeed able to provide rich data streams, they require substantial financial investment, technical maintenance, and stable network connectivity—conditions often unavailable in rural or resource-limited regions [2]. As a result, current frameworks are likely to exclude the majority of smallholder farmers, who can't afford specialized equipment but might well be those who gain the most from AI-driven insights. There is a very patent lack of AI-cloud systems designed to work well without IoT devices, using instead open datasets, user-uploaded images, or lightweight digital inputs.
Moreover, most AI agriculture models are not transparent or interpretable. For instance, studies show that farmers cannot trust or use "black-box" AI predictions with little explanation or reasoning behind the outputs [3]. This problem is even worse in agriculture, where decisions are more economic and require contextual understanding. The literature review indicates a very limited number of works related to human-centered AI, which focuses on the usability, interpretability, and farmer-oriented design of the technology. Without explainable outputs, AI tools remain inaccessible to non-technical users, hence limiting their wide-scale adoption.
A related gap is regarding the quality of and variability in datasets from an environmental perspective. Much of the current research relies on datasets produced in a laboratory or controlled settings; these cannot replicate the random conditions on an actual farm setting [4]. Models trained on such datasets often fail to yield good performance under fluctuating light, complex backgrounds, or geographically different varieties in wide-ranging field conditions. Very few studies have researched open-sourced dataset performance by AI models or cloud-based frameworks and the performance generalization across regions using such models.
Finally, while many works talk about the technical accuracy of AI algorithms, only a few regard usability, farmer experience, and practical integration into everyday agricultural workflows. The absence of empirical evaluations through real-world case studies, user feedback, and testing of cloud-based deployments presents significant lacunars in understanding how these technologies are operationally feasible [5]. This disconnect highlights the need for research that not only develops AI-cloud frameworks but also empirically validates their performance, accessibility, scalability, and user acceptance. Considering these gaps, there is an urgent need for a cloud-enabled, human-centered AI decision framework that is easy to use, free from heavy hardware requirements, interpretable to farmers, scalable across regions, and empirically validated using publicly available data. Addressing these gaps provides the base and motivation of the present study.
5.Novelty and uniqueness
The novelty of this study can be defined by focusing on a fully integrated, cloud-enabled, human-centered AI framework which would not rely on expensive IoT hardware and is intended for both technical and non-technical agricultural users. Much existing research has focused on either AI-based crop prediction models, disease detection algorithms, or cloud platforms; what is clearly lacking are unified systems that connect these components into a single, practical decision-making tool tuned for real-world farming environments [1]. This research explicitly fills this gap through the design of a framework that brings together AI, cloud computing, and human-centered design principles into one coherent model that effectively supports farmers in understanding, interpreting, and acting upon AI-generated insights.
We propose the core novelty of the emphasis on software-only implementation, enabling agricultural intelligence without requiring sensors, drones, robotics, or large-scale IoT infrastructure. The framework is allowed to become accessible for smallholder farmers and regions with limited technological resources by considering publicly available datasets, user-uploaded images, and simple digital inputs-the usual blind spots of mainstream agricultural technology research [2]. Such would democratize the usage of AI in agriculture, avoiding the financial and technical barriers that have stood against diffused adoption thus far.
Another unique value of this work is integrating explainable and human-centered AI into the core design of the framework. Contrary to most existing AI applications, which are black-box systems, the proposed model will provide transparent, understandable outputs that explain why a particular prediction or recommendation is made. This also falls in line with recent developments in Agriculture 5.0, where human expertise and digital intelligence collaborate to support ethical, trustworthy, and context-aware decision-making [3]. Ensuring that farmers receive explanations and confidence levels-not just predictions-represents a significant advancement in AI usability for agriculture.
This work adds novelty on the grounds that its cloud-based deployment strategy will let the AI framework scale seamlessly, allow multiple users, and provide real-time computation irrespective of geographical boundaries. Most of the literature does not test these cloud-integrated agricultural AI systems using openly available datasets for their performance, latency, scalability, and ease of access via cloud services. This research has systematically evaluated all of those factors and demonstrated how cloud infrastructure will support lightweight, fast, and globally accessible agricultural intelligence tools [4].
Finally, the study contributes with a comprehensive assessment methodology, ranging from technical performance testing to usability assessment. Only very few studies consider how non-technical users interact with AI tools, although user acceptance is central for adoption. Coupling user-centered validation techniques with accuracy, reliability, and computational testing, this research provides a more holistic assessment of what constitutes an agricultural AI system that is practical, understandable, and suitable for real-world deployment. Taken together, this paper makes a new and significant contribution to the development of accessible, scalable, and human-centered AI solutions for sustainable agriculture.
6.Discussion
Artificial Intelligence and Cloud Computing have great potential, as stated in the literature reviewed for this study, to enhance productivity, efficiency, and sustainability within agriculture. In spite of the impressive progress made towards algorithm development-especially on disease detection, yield prediction, and crop monitoring-there remains a significant gap between laboratory success and practical adoption in real-world farming environments. Most AI systems show excellent accuracy under ideal conditions; however, their performances weaken whenever they are applied to the real environmental conditions of the farms with broad variation in lighting, soil characteristics, and climate [1].
Cloud Computing emerges as a crucial enabler of making AI accessible and scalable. Cloud platforms, while enabling data storage, real-time processing, and model deployment for machine learning, do not require farmers to invest in special hardware or maintain computational resources locally [2]. However, too many solutions proposed for agriculture have not been designed yet using full cloud capabilities and stay dependent on IoT-heavy infrastructures, which are too expensive or complex for smallholder farmers.
A key insight from the literature is the growing importance of Human-Centered AI. Most farmers cannot effectively use AI tools that produce complicated or unexplained predictions. Various studies have indeed proved that there is enhanced trust and adoption when predictions are presented with clear explanations or visual interpretations that highlight how or why the model came up with a particular recommendation  [3]. This then signals a strong need for AI systems that emphasize usability and interpretability rather than technical sophistication alone.
The overall findings point to significant gaps in the literature, including over-reliance on IoT sensors, limited development of integrated solutions using AI and the cloud, a general failure to conduct sufficient real-world validation, and very little attention to user experience. These gaps provide grounds for a single cloud-enabled and human-centered AI framework. Such an integrated system can overcome present limitations by combining data-driven insights, scalable cloud infrastructure, and intuitive decision support designed for non-technical users.
In a nutshell, the literature supports the focus of this research: an approach using a software-based, accessible, explainable, cloud-integrated AI framework will help improve decision-making in agriculture by creating better conditions for sustainable farming.
7.Expected Outcomes
The results of this research are expected to provide a pragmatic and usable AI framework that enables intelligent and sustainable agricultural decision-making. The key output will be a user-friendly system, which analyzes agricultural data and then clearly postulates actionable recommendations for farmers. Rather than technical outputs, the framework will have simple insights to show, such as early signs of crop stress, potential disease risks, or weather concerns, enabling farmers to make timely and informed productivity enhancement decisions that reduce losses [1].
Another important deliverable is the cloud-based implementation of the framework. The hosting of the system on the cloud will ensure scalability, low-cost data processing, and real-time access to predictions without the need for investment in high-end hardware by farmers. Therefore, there is a greater benefit for smallholder farmers and rural communities where technological resources are very limited [2].
The research will also provide insights into the performance of different AI algorithms when applied to real agricultural datasets. By comparing models like decision trees, neural networks, and random forests, the study will identify which methods offer the best balance of accuracy, interpretability, and computation efficiency for specific agricultural tasks [3].
Another expected outcome is a validated prototype through existing open datasets or case studies. The testing will focus on the usability, accuracy, and reliability of the system to make sure it is understandable and accessible to non-technical users. The results will help refine the model and confirm its suitability for real farming contexts  [4].
In summary, the expected result is a scalable, software-based AI framework for the support of sustainable agriculture due to cost reduction, resource management improvement, and access to a wide range of advanced digital tools without expensive IoT devices.
8.Conclusion
This review demonstrates how Artificial Intelligence and Cloud Computing are becoming increasingly important in tackling complex modern agricultural challenges. While AI models demonstrate very good performance for various applications, such as disease detection, yield forecasting, and environmental assessment, their adoption into practice is seriously limited by the issues of their usability, cost, and accessibility. Although there are many examples of such systems, most of them rely on either IoT devices or substantial infrastructures that farmers cannot afford or manage. Moreover, a shortage of interpretability in many AI models decreases trust and makes their usage difficult by non-technical users in real decision-making.
The review findings indicate that there is still a serious need for a unified, human-centered, cloud-enabled AI framework that is scalable and user-friendly. Such a framework will bridge the gap between technological innovation and practical agricultural application by putting more emphasis on explainability, cost-effectiveness, and software-only implementation. The proposed approach focuses on widely disseminating AI tools that would allow farmers to gain clear insights without requiring high technical skills or specialized hardware.
In this respect, the integration of AI into cloud computing and human-centered design holds immense promise for sustainable and inclusive digital agriculture. Contributing to that direction, this work proposes an interpretable, simple, and scalable framework that can enable farmers toward making informed decisions based on data-driven evidence. The results from this work constitute a basis upon which future progress in explainable AI, cloud-based analytics, and farmer-friendly digital solutions are made in agriculture.
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