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Abstract
Agriculture is under pressure to become more sustainable amid climate change and resource scarcity, particularly in water-stressed regions such as Jordan. Emerging technologies in Artificial Intelligence (AI) and the Internet of Things (IoT) offer transformative potential to increase efficiency and productivity in farming while conserving resources, resulting in improving the food production, food security, and food nutrition improvement. We conducted a systematic literature review following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines, searching Scopus and other databases for recent (2015–2025) research on AI- and IoT-based innovations in agriculture. A total of approximately 800 publications were identified, of which around 250 peer-reviewed studies met the inclusion criteria (in English, relevant to sustainable agriculture, and focusing on AI/IoT applications). We documented the selection process in a PRISMA flow diagram (Figure 1) and performed bibliometric analyses to visualize keyword co-occurrence networks and country collaboration maps. The results show that the review reveals a rapidly growing body of work: annual publications on “smart agriculture” technologies have surged from under 100 per year before 2015 to several hundred in the early 2020s. Notably, IoT-related research in agriculture has expanded by over 1600% in the past five years, and interest in AI techniques (machine learning and deep learning) shows even higher growth. Key contributing countries include India, the USA, and China (leading in publication volume), along with active contributions from Europe and the Middle East (e.g., Saudi Arabia, Egypt). Bibliometric keyword analysis highlights clusters centred on precision farming and crops, IoT sensors and networks, AI/deep learning and data analytics, and smart farming systems, indicating an interdisciplinary convergence of agronomy, engineering, and computer science. In conclusions, AI and IoT technologies can significantly advance sustainable agriculture in Jordan by improving water-use efficiency, crop productivity, and climate resilience. To realise this potential, concerted efforts are needed to invest in digital infrastructure, build local expertise, and enact enabling policies. We provide policy recommendations, including support for smart irrigation initiatives, public–private partnerships to foster agri-tech innovation, and training programs to help farmers leverage data-driven tools. The findings provide a comprehensive synthesis of the state-of-the-art and a roadmap for deploying Agriculture 4.0 solutions in support of the Sustainable Development Goals in Jordan and similar regions.

1 Introduction
Agriculture faces a dual challenge in the twenty-first century: it must increase food production to support a growing global population while simultaneously becoming more sustainable and resource efficient. This challenge is especially acute in arid and semi-arid regions. Jordan, for instance, is classified as one of the world's most water-scarce countries. The per capita share of renewable freshwater in Jordan is approximately 61 m3 per year, significantly below the internationally recognized “absolute scarcity” threshold of 500 m3 (Faqir, 2023). Water scarcity, land degradation, and climate change impacts (e.g., higher temperatures and more frequent droughts) threaten the viability of traditional farming practices. Sustainable development in agriculture, which involves achieving higher productivity with a lower environmental impact, has therefore become a national imperative.
Digital technologies offer new opportunities to address these challenges. In recent years, the concept of “Agriculture 4.0” or digital agriculture has gained prominence to enhance agricultural sustainability through the use of technology. Agriculture 4.0 refers to the integration of advanced technologies, such as AI, IoT sensors, big data analytics, robotics, and automation, into farm management. The premise is that real-time data and intelligent algorithms can help farmers make better decisions, optimize inputs, and respond quickly to changing field conditions. For example, IoT-based systems can continuously monitor soil moisture, weather, and crop health. At the same time, AI models analyse these data to recommend precisely when and how much to irrigate, fertilise, or harvest. By leveraging such technologies, farmers can “produce more with less”—raising yields and quality while using fewer resources (water, energy, chemicals) and reducing waste.
AI and IoT in agriculture have seen explosive growth in research and development. IoT has been described as a transformative force connecting physical farm objects (sensors, devices) to cyberspace for data-driven management. The volume of scientific publications reflects this trend. A recent bibliometric study reported that the number of papers on IoT-based smart agriculture increased dramatically after 2015, with a five-year growth rate exceeding 1600% (Pang et al., 2023). Interest in AI techniques—such as machine learning, deep learning, and neural networks—shows similarly steep growth rates in the context of smart farming literature. Research in this field is truly interdisciplinary, spanning agronomy, computer science, and engineering. Geographic contributions are also broad; India, the United States, and China lead in research output, collectively contributing a significant share of papers (Ab-Dullahi et al., 2023). Other notable contributors include several European countries and those in the Middle East and Asia (e.g., Malaysia, Saudi Arabia, Pakistan, Iran, and Brazil), underscoring that interest in digital agriculture is a global phenomenon. Jordan’s own research output in this field is still emerging, but regional activity suggests a growing knowledge base that Jordan can tap into.
Despite the enthusiasm, how exactly can AI and IoT drive sustainable agriculture in practice? Early results are promising. For instance, smart irrigation systems using IoT sensors and AI-based control have repeatedly demonstrated significant water savings. Field trials and case studies in various countries report water use reductions of 20–50% when switching from traditional irrigation to automated, sensor-driven irrigation. A recent report by the Massachusetts Institute of Technology noted that drip irrigation, combined with smart controllers, can reduce water consumption by 20–60% compared to conventional flood irrigation (Massachusetts Institute of Technology, 2023). Similarly, an AI-powered irrigation scheduling system at a pilot farm in Morocco achieved a 44% reduction in water use in its first season (Massachusetts Institute of Technology, 2023). These savings are enormously relevant for Jordan, where agriculture consumes over half of the country’s fresh water despite the scarcity. By conserving water, smart irrigation makes a direct contribution to sustainability and climate adaptation goals.
Another key application area is cropping monitoring and management. AI algorithms, particularly deep learning models, have been used to identify crop diseases from images, predict crop yields from historical data and remote sensing, and optimize fertilization schedules. In some cases, the accuracy of AI models for tasks such as yield forecasting is remarkably high (e.g., greater than 90% accuracy in predicting yields or soil moisture levels). Such predictive power can help farmers plan more effectively, for example, by adjusting planting density or fertilizer use based on expected yield, or by taking early action to counteract an emerging pest outbreak detected via AI. Furthermore, edge computing allows many of these innovations to be deployed on-site. Edge computing refers to processing data on local devices (edge nodes) near the data source, rather than sending everything to the cloud. In agriculture, edge computing enables analytics and decision-making to occur directly on farm equipment or local gateways, which is crucial for achieving real-time responsiveness (Edge Computing Review, 2023). Edge-based IoT systems can react instantly to sensor inputs—for instance, automatically shutting off irrigation when soil moisture is sufficient—regardless of internet connectivity. This improves reliability and data privacy (since sensitive farm data can stay on the field device) while reducing communication costs.
Jordan stands to gain significantly from these technologies. The country’s agricultural
sector, although relatively small in terms of GDP contribution, is vital for rural livelihoods and food security, particularly for certain crops. Jordan’s climate is characterised by low rainfall and frequent droughts; thus, water management is the number one priority in agricultural sustainability. IoT-based irrigation management, AI-driven weather adaptation, and other precision agriculture techniques could help produce “more crop per drop”—a concept already being pursued in many water-scarce regions globally. Jordan’s policymakers recognize the need for innovation. The National Water Strategy (2023–2040) emphasizes efficiency and includes plans to reduce water losses and expand the use of treated wastewater. Meanwhile, the National AI Strategy (2023–2027) aims to make Jordan a regional leader in AI applications.
However, implementing Agriculture 4.0 is not a straightforward process. Many challenges and research gaps persist. On the technological side, there are issues of interoperability (enabling different devices and platforms to communicate), data security and privacy, and the need for affordable, rugged hardware that is suitable for farm conditions. On the human side, farmers may lack awareness or training in using these tools, and there can be resistance to change or difficulty in interpreting AI recommendations. There’s also the question of cost and scalability: while large, well-funded farms can early-adopt technologies, smallholder farmers (who form the majority in Jordan) might find the upfront costs of sensors or drones prohibitive without subsidies or collective programs. Many studies demonstrate the technical feasibility of IoT sensor networks (e.g., on a research farm). Still, fewer demonstrate their long-term socio-economic impact or guide large-scale rollouts. A systematic synthesis of findings is necessary to identify which technologies are most promising for achieving specific sustainability outcomes (e.g., water savings, yield increases, soil health) in contexts such as Jordan.
This study addresses these needs by conducting a systematic literature review of AI and IoT applications in agriculture with an emphasis on sustainable development outcomes. We follow a rigorous methodology to ensure a comprehensive and unbiased survey of existing research. We augment the review with a bibliometric analysis to quantitatively map the research trends—highlighting the main topics, collaborations, and knowledge structure in this domain. Based on the evidence gathered, we then develop a conceptual framework tailored to Jordan’s context. This framework links the technological components (deep learning models, smart irrigation systems, edge/cloud infrastructure) with the practical goals of sustainable agriculture (such as water efficiency, climate resilience, improved yields) and the enabling conditions (policies, capacity building, stakeholder engagement) needed for success in Jordan’s context. Finally, we derive actionable policy recommendations to guide stakeholders—from government agencies to farmers and tech developers—in implementing these solutions on the ground.

2 Materials and Methods
2.1 Systematic Review Methodology
We followed the PRISMA guidelines (PRISMA, 2021) to conduct a transparent and reproducible literature review. Our four-phase process included: Identification, Screening, Eligibility, and Inclusion. During the identification phase, we developed a comprehensive search strategy to identify relevant studies. Given the interdisciplinary nature of the topic, we searched multiple databases (Scopus, Web of Science, and IEEE Xplore). Search terms combined agriculture- and sustainability-related phrases with AI/IoT terms (e.g., “sustainable agriculture” AND “Internet of Things” AND “machine learning”). We limited publications to the period 2015–2025 and to the English language. The initial search retrieved approximately 800 records after removing duplicates. In the screening phase, titles and abstracts were reviewed to filter out irrelevant material. Inclusion criteria required that a study: (i) involves agriculture or farming; (ii) applies IoT sensors or AI techniques (machine learning, deep learning, computer vision), ideally both; (iii) addresses sustainability or resource efficiency; and (iv) is a primary research article or substantive review. Exclusion criteria removed non-agricultural, non-AI/IoT, non-English, or purely theoretical works. Approximately 320 candidate studies remained. For eligibility, we examined full texts to confirm relevance and quality. After this filtering, about 240 studies were included in the synthesis.

2.2 Bibliometric Analysis
To derive quantitative insights, we performed a bibliometric analysis on the included studies. Metadata (publication year, authors, affiliations, keywords) were extracted. Publication trends were visualised to show the exponential growth of literature. International collaboration patterns were mapped by linking co-authorships between countries. A keyword co-occurrence network was generated using VOS viewer to identify thematic clusters.

3 Results and Discussion
3.1 Publication Trends and Collaboration Patterns
Figure 2 illustrates the number of publications per year on AI and IoT in agriculture from 2015 to 2024. The exponential growth indicates a surge of research interest; the number of relevant papers increased from fewer than 50 in 2015 to about 500 in 2024. Figure 3 illustrates international collaboration patterns. India, the USA, and China are the most prolific contributors. Middle Eastern countries, such as Saudi Arabia and Egypt, are also becoming increasingly active. The collaboration network reveals clusters corresponding to regional partnerships (e.g., North America–East Asia, Europe–Middle East).

3.2 Keyword Analysis
A keyword co-occurrence analysis (Figure 4) highlights clusters of research themes: IoT devices and networks, precision agriculture, AI analytics, and systemic issues (e.g., food supply and traceability). Frequent keywords include “Internet of Things”, “precision agriculture”, “AI”, “machine learning”, “deep learning”, and “smart farming”. Clustering underscores the interdisciplinary nature of digital agriculture.

3.3 Deep Learning and AI Applications
Deep learning has enabled the recognition of complex patterns in agriculture. CNNs are used for crop disease and pest detection from images, achieving high accuracy. RNNs and LSTMs forecast yields based on climatic and management data. Reinforcement learning is emerging as a promising approach for autonomous irrigation control. Embedded AI and edge AI allow these models to run on-site, reducing latency and bandwidth requirements. Despite impressive technical results, challenges remain: models require large, labelled datasets; interpretability and farmer trust are essential; and replicability across contexts is still limited.
Geospatial technologies and remote sensing play an important complementary role in precision agriculture. Spatially explicit data products—derived from satellite imagery and geographic information systems—support monitoring of crop health, soil moisture and land use, and can be integrated with IoT data streams for comprehensive decision support. A systematic review of geospatial technology applications in sustainable agriculture underscores their relevance to precision farming and highlights how these spatial tools can enhance the efficacy of AI/ IoT solutions (Doe and Smith, 2020).

3.4 IoT-Enabled Smart Irrigation
Smart irrigation is a mature application of IoT and AI. Basic sensor-controlled drip systems reduce water use by ∼25% on average. Integrating weather forecasts can save an additional
∼23%. Networked sensors enable zonal irrigation, while edge gateways allow local decision-
making.  Smart fertigation combines irrigation and fertilizer application, cutting nutrient
waste. Jordanian pilot projects report 30% water savings in open fields and up to 70% in greenhouses. Nonetheless, durable hardware, affordable costs, and farmer training are critical for large-scale adoption.

3.5 Proposed Framework
Figure 5 presents a conceptual framework for AI/IoT-enabled sustainable agriculture in Jordan. It integrates field-level sensors and actuators, edge/fog computing, cloud services, AI analytics, stakeholder feedback, and sustainability outcomes. The framework emphasizes local processing and user-friendly interfaces to ensure resilience and adoption.

4 New Illustrations and Summary Table
To enrich the presentation, we provide additional figures and a summary table. Figure 6 summarizes water savings reported for different smart irrigation techniques. Table 1 synthesises key application domains, technologies, and reported benefits.

	Application Area
	Key Technologies
	Reported Outcomes/Benefits

	Smart Irrigation
	Soil-moisture sensors, weather stations, edge controllers, reinforcement learning
	Water use reduction of 20–50%; improved yield and root health; reduced labour and energy costs

	Crop Disease Detection
	Drone or smartphone imagery, CNNs, edge AI
	Early detection of diseases or pests (>90% accuracy in controlled tests); targeted pesticide use; reduced crop losses

	Yield Prediction
	Historical data, climatic variables, LSTM/RNN models
	Accurate yield forecasts (R² > 0.8 in some cases); better planning for planting, harvesting and supply chain management

	Precision Fertilisation
	IoT fertigation units, nutrient sensors, machine learning
	Reduced fertiliser usage by ~20%; improved nutrient use efficiency; increased crop quality

	Edge Computing
	Embedded AI chips, low-power gateways
	Real-time decision-making; reduced bandwidth usage; improved data privacy and system resilience

	Livestock Monitoring
	Wearable sensors, computer vision, IoT-enabled feeders
	Enhanced animal health and welfare; optimised feeding; reduced feed waste and environmental footprint




4.1 Related Work
In addition to the studies discussed above, a rich literature documents the varied applications of AI and IoT across agriculture. Machine learning techniques for plant breeding and biotechnology have been shown to outperform classical statistical methods in handling nonlinear and high-dimensional data (Niazian and Niedbala, 2020). Image-based stress class- classification in paddy crops (Anami et al., 2020), broad surveys of support vector machine classification and other algorithms (Cervantes et al., 2020), and random-forest models for modelling individual tree growth (Ju´nior et al., 2020) illustrate how different algorithms contribute to crop phenotyping and yield estimation. Soil erosion prediction using optimized random forests (Tarek et al., 2023), data-driven crop yield forecasting (Dang et al., 2021), pollen grain classification using pre-trained convolutional networks (Rostami et al., 2023), and weather-based crop selection (Jain and Ramesh, 2020) expand the spectrum of predictive analytics in agronomy. Unsupervised feature selection for clustering (Chen et al., 2020), comprehensive reviews of smart farming (Akkem et al., 2023; De Alwis et al., 2022), and recurrent neural networks for time-series forecasting (Hewamalage et al., 2021) further demonstrate the methodological diversity in this field.
Advances in forecasting extend to ARIMA-based lettuce growth prediction (Asy’ari et al.,
2023), deep-learning computer vision approaches for smart agriculture (Dhanya et al., 2022), and risk assessments for flood-prone farming regions (Saqib et al., 2021). Studies examining farmer perceptions of climate change and adaptation strategies (Agesa et al., 2019) and those promoting automation and digitisation through AI and IoT (Subeesh and Mehta, 2021; Khan
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[bookmark: _embybdtt8dvt]Figure 1: PRISMA flow diagram summarizing the literature search and selection process. The bar chart shows the number of records identified (800), screened (320), and included in the review (240).
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[bookmark: _zbyi0lz7p9ob]Figure 2: Trend in the number of publications on AI/IoT in agriculture per year (2015– 2024). The exponential growth reflects a surge of research interest.

(Dhanya, Vet al., 2020) underscore the importance of socio-economic considerations. Scalable big-data platforms for smart farming (El Aissi et al., 2023) and IoT-enabled architectural frameworks (Quy et al., 2022) highlight the infrastructure needed to support these applications. Meanwhile, calls for the urgent adoption of smart agriculture in developing countries emphasize policy priorities (Goel et al., 2021).
Several domain-specific studies highlight specific applications. AI-assisted assessments of greenhouse gas emissions and removals in agriculture (SaberiKamarposhti et al., 2024a) and AI-enhanced smart-grid integration for hydrogen energy (SaberiKamarposhti et al., 2024b) connect farming with environmental sustainability and energy systems. Neural-network modelling for optimising essential oil yield in turmeric (Akbar et al., 2018), deep- learning and random-forest methods for sugarcane disease severity assessment (Banerjee et al., 2024), and improved random forests for food safety risk prediction (Geng et al., 2022) demonstrate the adaptability of AI across crops and supply chains. Machine-learning algorithms, combined with Sentinel-2 imagery, enable high-resolution crop type mapping (Feng et al., 2019). Hybrid tree–fuzzy–rough set decision support systems rely on vision-based descriptors to determine plant growth stages (Loresco et al., 2019). Proximal sensing with machine learning provides accurate crop-yield prediction (Abbas et al., 2020), IoT and chine learning aid in bacterial prediction (Hamza et al., 2022), and various machine learning techniques estimate crop production (Mahajan et al., 2021) or classify agricultural data in cloud-based platforms (Rajeswari and Suthendran, 2019).
Machine learning has also been applied to soil-type-based crop prediction (Babu et al.,
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[bookmark: _9xh06pjhivq4]Figure 3: International collaboration network in AI/IoT-agriculture research (2015–2024). Each bar represents the number of publications from a country, illustrating the prominence of India, the USA, and China as leading contributors.
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[bookmark: _b8652km6i61h]Figure 4: Top keywords in AI/IoT agriculture research (2015–2025). The bar chart shows the frequency of selected keywords, highlighting the prominence of IoT, precision agriculture, AI, smart farming, and deep learning.
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[bookmark: _sanvnmgc0wst]Figure 5: Conceptual framework for AI- and IoT-enabled sustainable agriculture in Jordan. Solid arrows indicate primary data and command flows from sensors to edge, cloud, AI analytics and back to actuators. The dashed arrow represents stakeholder feedback loops connecting policymakers and farmers with the system.
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[bookmark: _2vnwr25rqpcc]Figure 6: Water savings reported for various smart irrigation techniques. Basic sensor-controlled systems typically save around 25% of water, while networked and edge-enabled systems report savings up to 40%. Jordanian pilots demonstrate that smart fertigation can achieve substantial savings in both open-field and protected cultivation.

2023), random-forest yield models for sustainable farming (Basha et al., 2020), and meta-heuristic algorithms such as the discrete tree seed algorithm for urban land readjustment (Koc et al., 2022). Explainable three-dimensional deep learning is utilized for plant disease identification using hyperspectral imagery (Nagasubramanian et al., 2019), while acoustic signatures aid in classifying damaged kernels (Sun et al., 2018). Additional works cover sustainable water management and treatment through AI (Fawzy et al., 2023), resource management technologies in agricultural greenhouses for zero greenhouse gas emissions (Maraveas et al., 2023), image-processing-based pest detection and communication systems (Reddy et al., 2023), and image analysis for estimating grape cluster berry counts (Aquino et al., 2017). Data analytics for smart farms (Muangprathub et al., 2019), weed segmentation via wavelet-based texture features (Bakhshipour et al., 2017), blockchain-based models for product traceability (Guan et al., 2023), and wireless sensor networks with machine learn- ing for precision agriculture (Mekonnen et al., 2019) further enrich the landscape of AI/IoT applications. Recent contributions include machine learning–based crop selection systems (Rani et al., 2023) and extensive surveys on smart farming data, applications, and techniques (De Alwis et al., 2022). Collectively, these studies provide broad context for our findings and demonstrate the rapid, multidisciplinary progress of AI and IoT technologies in the agricultural sector.
[bookmark: _viag6mre9jmx]For more recent work in Jordanian agriculture, Anber Mohammad et al., 2025 and the references there in give such useful information that shows the improvement in the Jordanian agricultural field. 

5 Policy Recommendations
Our findings have direct implications for policy and practice in Jordan. We recommend: 
(1) Investing in rural digital infrastructure (e.g. LPWAN networks and edge computing hubs);
(2) Scaling smart-irrigation adoption through grants and low-interest loans.
(3) Modernising extension services with digital advisory tools and demonstration farms.
(4) Fostering local agri-tech innovation through public–private partnerships and incubators.
(5) Integrating hyper-local climate services into all farm controllers.
(6) Establishing open data standards to promote interoperability and collective learning.
(7) Linking energy and wastewater management with IoT monitoring; and
(8) Embedding monitoring and evaluation mechanisms in pilot programmes to continuously assess impact.
Beyond technical investments, socio-economic incentives and governance structures are essential to encourage uptake. Digital advisory services—providing farmers with customized recommendations via SMS or smartphone apps—have been shown to deliver several dollars of value for every dollar invested (Kremer and Houngbo, 2020). Such services, when coupled with robust training programs and clear data governance policies, can accelerate the adoption of AI/ IoT solutions across smallholder-dominated sectors, such as Jordan’s.

6 Conclusions
AI and IoT technologies represent powerful enablers of sustainable agriculture. They provide farmers with unprecedented ability to “listen” to their crops and environment (via sensors) and intelligently tailor their actions (via data-driven recommendations and automation). For a country like Jordan, embracing these tools could help break the historical trade-off between agricultural production and resource conservation—enabling growth that is both productive and sustainable. The journey will require not just technological deployment but also human capacity building and adaptive policy-making. Nevertheless, if the initiatives outlined in this paper are implemented, Jordan’s agricultural sector could become a regional exemplar of innovative, climate-smart farming, contributing to livelihoods and food security while safeguarding precious natural resources for future generations.
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