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Abstract 

Smart farming has established itself as a strategic field in the digital and sustainable transformation 
of the agri-food sector. The rise of technologies such as the Internet of Things (IoT), artificial 
intelligence (AI), machine learning, big data, and blockchain has revolutionized production systems, 
improving efficiency, sustainability, and adaptability to climate change. In this context, scientific 
research on smart farming has grown exponentially, becoming a key axis for the fulfillment of the 
Sustainable Development Goals (SDGs). The objective of this study was to analyze the evolution, 
structure, and impact of scientific production in smart farming, identifying its main trends, authors, 
journals, and contributions to the SDGs. To this end, a bibliometric analysis was applied to 1,580 
articles indexed in the Web of Science (WoS) database, using productivity, citation, and impact 
indicators based on Price's, Lotka's, Bradford's, and Zipf's laws, as well as the Hirsch index. The 
results reveal important growth in scientific production between 2014 and 2024, with a strong 
concentration in high-impact journals and international collaboration networks. In conclusion, smart 
farming represents an engine of innovation and sustainability, integrating science, technology, and 
digital management to address the global challenges of food security, climate change, and sustainable 
development. 

Keywords: precision agriculture; digitalization; big data; internet; technology adoption in 
agriculture; innovation 
 

1. 1. Introduction 

1.1. Smart Farming and Its Contribution to the Sustainable Development Goals (SDGs) 

Smart farming has consolidated itself as an essential strategy to transform agri-food systems 
toward greater productivity, sustainability, and resilience, contributing directly to the Sustainable 
Development Goals (SDGs). Particularly SDG 1 (No Poverty), SDG 2 (Zero Hunger), SDG 3 (Good 
Health and Well-being), SDG 13 (Climate Action), and SDG 15 (Life on Land) [1,2]. This approach 
integrates emerging technologies such as Unmanned Aerial Vehicles (UAVs), Digital Twins, the 
Internet of Things (IoT), Artificial Intelligence (AI), and Cloud Computing to optimize agricultural 
management and reduce environmental impacts [3–6]. 
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These technological innovations have enabled the monitoring of critical variables, such as 
humidity, temperature, water use, and pest detection, with unprecedented precision. However, their 
adoption remains uneven due to economic constraints, technological gaps, and limited digital 
training in rural regions [7–9]. Although automatic disease detection using computer vision reduces 
agrochemical use and enhances environmental sustainability [10,11], a systematic analysis linking 
these contributions to the SDGs is still lacking in determining which technologies generate the 
greatest impact on global sustainable development. 

Considering this gap, it becomes necessary to conduct a bibliometric analysis exploring trends, 
collaboration networks, and research approaches in Smart Farming, to better understand its actual 
contribution to global sustainability [12]. 

1.2. Digital Transformation in Agriculture: From Management to Intelligent Systems. 

Digital transformation has redefined modern agriculture, turning it into a data-driven, 
automated, and sustainability-oriented process [13]. Smart Farming represents the evolution of the 
traditional paradigm by integrating technologies such as IoT, AI, Big Data, and Robotics to optimize 
production processes and reduce environmental impacts [14,15]. These tools allow real-time 
monitoring and control of agricultural variables, such as soil moisture and water use, facilitating 
evidence-based decision-making [16]. Examples such as the Cross Layer – IoT protocol, which 
enables remote decisions and reduces energy consumption, demonstrate the transformative potential 
of agricultural digitalization [16]. 

Agricultural management has thus become a strategic axis that articulates the planning, 
organization, and control of resources through digital systems. In the era of Agriculture 4.0, data-
driven management enables a shift from reactive to predictive models, strengthening the resilience 
of agri-food chains and fostering more sustainable decision-making [17,18]. Technologies such as 
Farm Management Information Systems (FMIS) and Precision Agriculture illustrate how information 
can transform agricultural productivity and sustainability [19,20]. 

Smart farming systems therefore constitute interconnected networks of devices, sensors, and 
digital platforms that enable integrated resource management in real time. Empirical evidence shows 
their impact for instance, in Brazil, agricultural digitalization has increased productivity in more than 
84% of producers adopting digital technologies [21]. Similarly, In Italy, the use of UAVs and open-
source software for the sustainable mapping of weeds on small and medium-sized agricultural lands 
[22]. 

Consequently, agricultural sustainability has become a key pillar in the digital transformation 
of the sector, driven by intelligent technologies that seek to balance productivity, sustainability, and 
climate resilience. Various studies emphasize how agricultural digitalization based on IoT, AI, and 
robotics optimizes resource use and reduces environmental impacts [19,23–25]. Initiatives such as 
Climate-Smart Agriculture promote resilient systems in the face of climate change [26,27], while 
innovative approaches such as Predator Smart Farming reinforce the coexistence between 
sustainability, animal welfare, and productivity [28]. Altogether, these strategies delineate an 
intelligent agroecological model oriented toward sustainable development. 

1.3. The Internet of Things (IoT) and Cyber-Physical Integration in Smart Farming 

The Internet of Things (IoT) constitutes the technological backbone of smart farming, enabling 
the interconnection of sensors, devices, and platforms that monitor agro-environmental conditions in 
real time [29–31]. Its purpose is to transform traditional agricultural systems into intelligent 
ecosystems where data collected through sensors and wireless networks are processed in the cloud 
or in distributed architectures to improve efficiency and sustainability [32–34]. 

Notable examples include low-cost IoT systems integrated with drones (UAVs) that enable 
automated irrigation and monitoring [35], or intelligent frost-control systems based on neural 
networks that autonomously activate anti-freeze irrigation mechanisms [36]. Furthermore, 
agricultural security solutions combining LoRa, blockchain, and cloud monitoring ensure data 
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integrity and transparency in production processes [37–39]. These applications confirm that IoT 
drives a more resilient, transparent, and SDG-aligned agriculture, consistent with the principles of 
Agriculture 5.0. 

1.4. Smart Farming and Machine Learning in Agricultural Decision-Making 

Smart farming integrates Artificial Intelligence (AI) and Machine Learning (ML) as foundational 
tools for data-driven decision-making. These technologies analyze large volumes of information from 
sensors, satellite imagery, and IoT systems, optimizing crop and resource management [40,41]. Their 
main goal is to create interconnected technological ecosystems capable of responding in real time to 
environmental conditions [42]. 

The use of blockchain and smart contracts enhances the traceability and security of agricultural 
data [43], while energy-autonomous sensors and plant-wearable devices facilitate sustainable data 
collection [44]. Moreover, LoRaWAN networks have shown that digitalization can adapt to rural 
contexts through low-cost solutions [45]. 

Machine learning is applied to crop yield prediction through neural networks [46], weed 
detection [47], and animal health monitoring [48]. These techniques, complemented by deep learning 
and big data analytics, strengthen precision decision-making [49,50]. Beyond automation, ML fosters 
hybrid agricultural intelligence, where collaboration between algorithms and human knowledge 
enables more robust and sustainable decisions [51–53]. 

Accordingly, this study seeks to investigate: What are the emerging trends in smart farming 
research? How do these most relevant studies contribute to the advancement of the Sustainable 
Development Goals? And who are the key actors driving this knowledge production? 

2. Methods 

2.1. General Approach 

This research adopted a bibliometric approach aimed at analyzing key actors, collaboration 
networks, and emerging trends in scientific production on Smart Farming, emphasizing how these 
contributions support the achievement of the Sustainable Development Goals (SDGs). Widely 
recognized methods and recommendations in bibliometric studies were applied to ensure rigor and 
reproducibility [54,55]. 

2.2. Data Collection 

The primary data source was the Web of Science Core Collection (WoSCC), one of the most 
recognized and widely used international databases for analyzing scientific output [56]. The search 
was conducted on October 17, 2025, using the search vector: {TS=(Smart NEAR/O Farming)}, 
restricted to records containing the term in the title, abstract, keywords authors or keywords plus. 

Inclusion criteria: 
• Document type: articles. 
• Language: unrestricted (predominantly English). 
• Time: unrestricted. 
• Thematic coverage: all categories available on the Web of Science Core Collection (WoSCC). 

2.3. Analytical Techniques Applied 

The analytical process was structured into four main dimensions: scientific productivity, 
academic impact, scientific networks, and relation to the SDGs. 

2.3.1. Scientific Growth 

 The Price’s Law was applied to analyze the exponential (J) or logistic (S) growth of science by 
evaluating the annual increase in the number of publications as an indicator of a consolidated critical 
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mass of knowledge in the field. These laws also explain scientific obsolescence by dividing the 
bibliographic corpus into two semi-periods based on the chronological median, distinguishing 
between contemporary and obsolete literature, and identifying classic works recognized for their 
lasting influence and high citation rates [57–59]. 

2.3.2. Scientific Productivity 

Bradford's law, his study concentrates on the journals, mainly in what is known as Bradford's 
core, the smallest subset of journals that manages to concentrate one third of the total number of 
documents studied. The subsets that manage to concentrate the other thirds of documents according 
to their increasing order in number of journals are known as zones 1 and 2. Although all the attention 
is focused on the Bradford core for being the production environment that tends to congregate the 
most specialized authors, reviewers, and editors in a specific topic of study [60,61]. 

In the other hand, Authors with the highest number of publications in Smart Farming were 
identified which prolific authors. To estimate the concentration of production, Lotka’s Law [62] was 
applied, which posits that a small proportion of authors produce most published works. 

2.3.3. Academic Impact 

The Hirsch index (h-index) was used to measure researcher impact, allowing for the 
simultaneous evaluation of productivity and scientific influence [63,64]. This method helped identify 
the most influential authors and research groups in the field by citations of published documents. 
Additionally, the SDG classification from the Web of Science was used to determine the extent to 
which Smart Farming studies contribute to global sustainability goals, offering insights into their 
social, environmental, and policy relevance. 

2.3.4. Relationships and Scientific Networks 

Network analysis was used to explore the relational structure of the scientific community 
through keyword co-occurrence networks: to characterize thematic organization and its temporal 
evolution [65]. 

2.3.5. Relationship between Academic Impact and Sustainable Development Goals 

The selection of the 30 most cited articles on the topic of Smart Farming is grounded in the 
principles of classical bibliometrics, which recognize that the most frequently cited works represent 
the primary centers of influence and the consolidation of scientific knowledge. This approach enables 
the identification of the conceptual and methodological cores that have guided the evolution of the 
smart farming field, in accordance with [54], who note that the most cited articles form the foundation 
of the central intellectual structures of a scientific discipline. Considering the effects of Smart 
Farming, it is assumed that the most frequently linked SDGs are SDG 9 (Industry, Innovation, and 
Infrastructure), SDG 2 (Zero Hunger), and SDG 13 (Climate Action), although this relationship must 
be analyzed rigorously. 

2.4. Analytical Procedure 

Classical bibliometric laws were applied: Price’s Law describing exponential or logistic growth 
and obsolescence [57–59]; Lotka’s Law explaining unequal productivity distribution among authors 
[62]. Zipf’s Law analyzing the frequency of keyword usage [65]. Hirsch’s h-index evaluating the 
relationship between productivity and impact [63,64]. and Bradford’s Law [60,66,67] assessing 
journal dispersion. Together, these models contextualized the results, supporting the identification 
of epistemic communities and strategic actors in Smart Farming research. 

Software tools used: 
• VOSviewer (v.1.6.19): for network analyses (co-authorship, keyword co-occurrence) and 

visualization of thematic clusters. 
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• Microsoft Excel 365: for applying Price’s, Bradford’s, and Lotka’s laws and graphically 
representing annual publication trends. 

• SPSS (v.23): for generating adjusted models for applying Price’s, exponential fit and S fit. 
Data visualization was conducted using VOSviewer [68], a tool specialized in mapping 

bibliometric networks, generating visual representations of authors, institutions, keywords, and 
emerging topics. This facilitated the identification of thematic clusters, high-knowledge density 
zones, and patterns of international collaboration. 

2.5. Study limitations 

This analysis was limited to documents indexed in the Web of Science Core Collection (WoSCC). 
Although a high degree of overlap exists between WoS, Scopus, and Google Scholar, differences in 
regional coverage may affect the results. Integrating multiple sources presents methodological 
challenges such as duplication, inconsistent coverage, and citation discrepancies [69–71]. 
Additionally, the bibliometric approach, being quantitative and descriptive, does not address the 
qualitative or interpretative dimensions of content, which are typically examined through systematic 
reviews [72]. 

Table 1 analyzed corpus comprises 1,580 articles published between 1983 and 2025, distributed 
across 582 scientific sources and authored by 6,244 researchers. The bibliometric analysis applied 
Price’s, Bradford’s, Lotka’s, and Zipf’s Laws, as well as Hirsch’s h-index, revealing classical patterns 
of growth, dispersion, and scientific productivity.  

Table 1. Description of the analyzed bibliographic corpus. 

Variable Value / Sample (n) Unit of 
Analysis Subsampling criterion 

Time period 1983 – 2025 Years Price’s Law 

Sources analyzed 582 
Journals / 
Sources Bradford’s Law 

Authors identified 6244 Researchers Lotka’s Law 
Documents total 1580 Scientific articles Hirsch’s index (h-index) 
Keywords Plus 6337 Terms Zipf’s Law 

3. Results 

3.1. Scientific Growth 

The bibliometric search identified a total of 1,580 articles on smart farming published between 
1983 and 2025. During the first period (1983–2013), scientific output remained limited, with only nine 
articles published at an irregular rate of zero to two per year. However, starting in 2014, there was a 
significant change, with no more years with blank results, and 1,571 publications produced up to 
2025, evidence of a strong boom in research in the field of smart farming. (See Figure 1) 

Consequently, scientific production exhibits exponential growth, fitting Price’s Law with an 
adjustment coefficient (R²) of 92.7%, confirming the rapid expansion of knowledge in Smart Farming 
within the broader digital transformation of agri-food systems. The contemporaneous semi period is 
dated between 2023 and 2025, 55% of the total studies were published, driven by post-pandemic 
digitalization and the widespread use of IoT, Artificial Intelligence (AI), and cyber-physical systems. 
Thus, knowledge about smart farming is renewed every three years. 

Although publications increased from 9 in 2017 to 300 in 2024, representing growth of more than 
3200%, this reflects an acceleration in the study of this topic and the renewal of current theoretical 
and methodological frameworks. The slowdown in the curve over the last three full years has led us 
to analyze the growth of the S curve, for which there is also an excellent degree of fit (R² = 92.8%), 
reflecting the proximity to reaching maturity in the field and the presumed consolidation of scientific 
networks (See Table 2) [57–59]. 
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Figure 1. Published articles in WoSCC on Smart Farming (1983–2025). 

The bars represent the total number of articles published on Smart Farming each year, with the 
lighter colored bars corresponding to the contemporary half-period.  

Both models presented in Table 2 show excellent fit (R² ≈ 0.93), with very high correlations and 
robust statistical significance (p < 0.001). The exponential model indicates continuous growth in 
published articles based on the year of publication, describing a dynamic of accelerated expansion 
with no upper limit. In contrast, the S model introduces a saturation behavior: although initial growth 
is rapid, it tends to stabilize around a maximum value (reflected in the constant of 1120.495). The 
difference in coefficients reflects this logic: the exponential depends directly on PY, while the S 
depends on the inverse transformation (1/PY), capturing the slowdown in growth. In practical terms, 
both models fit almost equally well, but the S model offers a more realistic interpretation in contexts 
where there is a natural or institutional limit to academic production. 

Table 2. Description of the analyzed bibliographic corpus. 

Statistic Exponential Model Logistic (S) Model 
R 0.967 0.967 
R² 0.934 0.935 

Adjusted R² 0.927 0.928 
Std. Error of Estimate 0.512 0.510 

F (ANOVA) 128.279 129.186 
Sig. (ANOVA) 0.000 0.000 

Predictor Coefficient B = 0.553 (PY) B = -2,254,803 (1/PY) 
Constant 0.000 1120.495 

Dependent Variable ln(ART)* ln(ART)* 
* ln is natural logaritm. 

3.2. Scientific Productivity 

These articles were published in 582 journals (See Table 3), though in low concentration. The 
publications are grouped primarily within nine core journals, as detailed in the Bradford Zone below. 

Table 3. Bradford’s Zones. 

Zone 
Number 

of articles  % Journals % 
Bradford 

multipliers Journals 
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(Empirica
l series) 

(Theorical 
series) 

Nucles 512 32% 13 2%  9 x (𝑛଴) = 9 

Zone 1 523 33% 98 17% 7.54 = 98/13 9 x (𝑛ଵ) = 68 

Zone 2 545 34% 471 81% 4.81 = 
471/98 9 x (𝑛ଶ) = 516 

Total ∑ = 1.580 100% ∑ = 582 100% n = 6.17 ∑ = 588 

      % error (𝑒௣) = -1.85% 
The percentage error between empirical and theoretical series is expressed by Equation 1 (ec. 1).  𝑒௣ =  ቀ ா௠௣௜௥௜௖௔௟ି்௛௘௢௥௜௖௔௟ா௠௣௜௥௜௖௔௟ ቁ ∗ 100 =  ቀ ହ଼ଶିହ଼଼ହ଼ଶ ቁ ∗ 100 = −1.03%      [ec. 1]. 

Table 4. Journals in the Bradford nucleus. 

Journals   Articles 
Citations

, WoS 
Core 

 
JIF 2024 
(WoS) 

Quartile of 
impact (Qx) 

Sensors   75 1.836  3.5 Q1 
Computers and Electronics in Agriculture   69 2.947  15.1 Q1 

IEEE Access   60 1,968  3.6 Q1 
Smart Agricultural Technology   50 475  5.7 Q1 

Sustainability   48 688  3.3 Q1 
Agriculture-Basel   45 734  3.6 Q1 
Agronomy-Basel   37 743  3.4 Q1 

Applied Sciences-Basel   34 433  2.5 Q1 
IEEE Internet of Things Journal   24 1312  8.9 Q1 

Animals   20 208  2.7 Q1 
Scientific Reports   18 84  3.9 Q1 

Multimedia Tools and Applications   17 336  3.7 Q1 
Frontiers in Plant Science   15 278  4.8 Q1 

* JIF: Journal Impact Factor. 

The 1,580 articles analyzed were produced by 6,244 authors. According to Lotka’s Law, 
authorship distribution follows an exponential pattern with a coefficient of determination (R²) 
exceeding 99%, confirming a prolific concentration of contributors. Applying Lotka’s model [62] and 
complementing it with the Hirsch index (h-index) [63], an approximate calculation of prolific authors 
(√6,244 = 80) revealed that 75 authors had published four or more articles, as shown in Figure 2. 
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Figure 2. Prolific authors in Smart Farming research. 

The green line represents the number of authors per number of published articles, while the light 
green squares above the green line show authors with four or more articles (75 authors). The 
segmented orange line is the fit to the potential decay curve with an R2 of 99.97%. 

3.3. Academic Impact 

The Hirsch index (h = 79) indicates that 79 articles have received at least 79 citations each, 
demonstrating a high concentration of scientific impact within a relatively small corpus of 
publications. The total 31,205 citations recorded in Smart Farming research confirm the existence of 
seminal works that have driven theoretical and methodological development in the field. The 
cumulative citation growth curve (blue) and the scientific production curve (orange) show an 
ascending, divergent trend, suggesting the field’s maturation and the consolidation of highly 
influential research clusters [63]. (See figure3.) 
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Figure 3. Prolific concentration of contributors. 

The green line represents the number of citations per number of published articles (from 559 to 
0). The orange line is the sum of the count of articles from 1 to 1580. 

In addition to the traditional citation-based impact resulting from recognition by the 
international scientific community, publications on Smart Farming are catalogued by WoS according 
to their impact in contributing new knowledge to the advancement of the SDGs. Thus, 1,217 articles 
(77% of 1,580) are associated by WoS (Clarivate) with between one and six SDGs. These contributions, 
without discounting duplicate contributions in Figure 4. 

 

Figure 4. Prolific concentration of contributors. 

3.4. Relationships and Scientific Networks  
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In the Keyword Co-occurrence Analysis conducted across 1,580 articles, a total of 4.822 Authors 
Keywords (AKW) were identified. Applying the square root method (√4.822 ), 76 AKW with a 
minimum of 10 occurrences were selected for analysis. Thus, the graph in Figure 5 illustrates an 
interdisciplinary map showing how contemporary agriculture is being transformed through the 
integration of emerging technologies. Each cluster represents a complementary dimension of the 
agro-technological ecosystem, from physical infrastructure to digital governance and sustainability 
in Smart Farming research. 

Five well-defined sectoral clusters emerged: 
a. The red cluster (Technological Transformation of Agriculture), which articulates the central 

concepts that define the paradigm of smart agriculture, with key terms such as smart farming, 
precision agriculture, digital agriculture, agriculture 4.0, technology adoption, artificial intelligence. 
This cluster represents the conceptual core of technological change in agriculture, highlighting the 
evolution towards automated systems based on data and algorithms. In terms of relationships, it 
connects with all other clusters, functioning as a coordinating hub. 

b. The blue cluster (Sensory Infrastructure and Connectivity), a group that focuses on devices 
and systems that enable real-time data collection, with key terms such as: Internet of Things (IoT), 
smart agriculture, sensors, monitoring, real-time systems. This cluster provides the operational basis 
for the implementation of smart agriculture, facilitating continuous observation of the agricultural 
environment. In terms of its relationships, it is closely linked to the green cluster (analysis) and the 
red cluster (transformation). 

c. The green cluster (Visual and Analytical Processing), a group that highlights the tools of 
analysis and computational perception applied to agriculture, with key terms such as computer 
vision, remote sensing, data analytics, smart farm, agriculture. This cluster allows images, satellite 
data, and metrics to be interpreted to make accurate agronomic decisions. Thematically, it acts as a 
bridge between infrastructure (blue) and strategic decision-making (yellow). 

d. The yellow cluster (Sustainability and optimization), a group that introduces the 
environmental and energy efficiency dimension into the agricultural system, with key terms such as 
sustainability, climate change, energy efficiency, feature selection, data analysis. This cluster 
incorporates sustainability and algorithmic optimization criteria into agricultural management. Its 
terms are connected to data processing (green) and the strategic core (red). 

e. The purple cluster (Digital Infrastructure and Cybersecurity), a group that addresses the 
technical aspects of data management and system protection, with key terms such as security, 
authentication, privacy, edge computing, and cloud computing. This cluster focuses on ensuring the 
integrity, privacy, and efficiency of data processing in distributed environments. It is a cluster that is 
linked to all clusters, especially the blue (sensors) and green (analysis) clusters. 

This distribution evidence the interdisciplinary nature of Smart Farming research, integrating 
management, technology, and sustainability perspectives. 
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Figure 5. Keyword co-occurrence network in Smart Farming research. 

3.5. Relationship between Academic Impact and Sustainable Development Goals 

Finally, the connection between Smart Farming research and the Sustainable Development Goals 
(SDGs) was evaluated (See Table 5). The results show that the most strongly impacted SDGs are: 

a. SDG 2: Zero Hunger (447 articles), demonstrating Smart Farming’s contribution to 
productivity, food security, and agricultural sustainability. 

b. SDG 3: Good Health (472 articles) is strongly represented, driven by research reducing 
chemical inputs, improving food quality and traceability, and enhancing safety through automation. 

c. SDG 11: Sustainable cities and communities (318) where Smart Farming technologies such 
as vertical farming, urban agriculture systems, and controlled environment agriculture support 
sustainable urban development and resilient food systems. 

d. SDG 13: Climate Action (297 articles), reflecting the growing interest in mitigating climate 
change through resilient, low-emission agricultural practices. 

e. SDG 15: Life on Land (140 articles), highlighting the field’s strong orientation toward 
digitalization, automation, and technological innovation in agriculture. 

Table 5. Distribution of Smart Farming research according to the Sustainable Development Goals (SDGs). 

SDG Published 
Articles * SDG Published 

Articles * 

SDG 1 5 SDG 10 1 

SDG 2 447 SDG 11 318 
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SDG 3 472 SDG 12 53 

SDG 4 12 SDG 13 297 

SDG 5 1 SDG 14 61 

SDG 6 27 SDG 15 140 

SDG 7 40 SDG 16 3 

SDG 8 2 SDG 17 1 

SDG 9 47   

* Included duplicate counting. 

The data presented in Table 5 illustrate the comprehensive contribution of Smart Farming to the 
SDGs, confirming its interdisciplinary and cross-sectoral nature in promoting global sustainability 
and digital innovation in agriculture. 

The analysis of the thirty most cited papers (See Table 6) shows a pattern that is consistent with 
the overall distribution of the 1,580 articles analyzed. These highly influential publications reveal a 
strong alignment with the most impacted SDGs. A substantial portion of the studies highlight Smart 
Farming’s contribution to SDG 2 (Zero Hunger, 447 articles) through advances in yield prediction, 
detection of pests and diseases, precision irrigation, and resource-efficient production systems.  

These innovations strengthen food security, enhance productivity, and support sustainable 
agroecosystems particularly for smallholder farmers. Likewise, SDG 3 (Good Health 472 articles) 
emerges strongly due to research focused on reducing chemical inputs, improving food traceability, 
and enhancing occupational safety through automation, sensing technologies, and early warning 
systems. A significant contribution is also observed in SDG 11 (Sustainable Cities and Communities, 
318 articles), where technologies such as urban agriculture, vertical farming, and controlled 
environment agriculture support resilient food systems and sustainable urban development. 
Although less frequent, SDG 13 (Climate Action, 297 articles) reflects growing scientific interest in 
climate-smart agriculture, emissions reduction, and adaptive technologies designed to strengthen 
resilience to climate variability.  

Finally, SDG 15 (Life on Land, 140 articles) captures research linked to biodiversity protection, 
soil conservation, and sustainable land-use practices supported by sensor networks, monitoring 
systems, and precision management tools. Overall, these findings demonstrate that Smart Farming 
research not only accelerates agricultural digitalization but also positions sustainability, food 
security, public health, and climate resilience as interconnected pillars of global agricultural 
development. 

Discussion 

The bibliometric analysis of 1,580 articles demonstrates that Smart Farming has become a 
strategic scientific field within the digital transformation of the agri-food sector. Scientific production 
shows sustained exponential growth, with more than 90% of studies published between 2017 and 
2025, in accordance with Price’s Law [57], confirming the rapid expansion of knowledge and the 
maturation of the field [73,74]. This growth has been driven by the technological convergence of the 
Internet of Things (IoT), Artificial Intelligence (AI), machine learning, and big data analytics, which 
have redefined efficiency, sustainability, and resilience in agricultural systems [24,75]. 
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The distribution of authors, consistent with Lotka’s Law, reveals a consolidated scientific 
structure characterized by international collaboration and a concentration of knowledge within 
highly productive research core [76]. As noted by Armenta-Medina et al. [73], this pattern reflects the 
existence of an active and expanding academic community, supported by global networks focused 
on applied research and technological innovation, which fosters knowledge transfer between 
developed and emerging regions. Moreover, the concentration of publications in high-impact Q1 
journals such as Sensors, Computers and Electronics in Agriculture, and IEEE Access confirms the 
scientific maturity, international relevance, and growing visibility of the Smart Farming field [24]. 

Citation patterns, as measured by the h-index (79), reveal a highly influential scientific 
community. The existence of articles with over 30,000 citations indicates the presence of seminal 
works that have shaped the theoretical and methodological foundations of the field [74,75]. This high 
citation rate suggests that Smart Farming has evolved from an emerging trend into a consolidated 
discipline that integrates science, technology, and innovation with a clear orientation toward 
sustainability. 

Smart Farming research shows a strong alignment with the Sustainable Development Goals 
(SDGs). SDG 3 (Good Health) is the most represented, with 472 articles addressing reductions in 
chemical inputs, improved food quality, and safer agricultural environments through automation 
and sensing technologies [77,78]. SDG 2 (Zero Hunger) follows, with 447 studies focused on precision 
agriculture, predictive models, and automated irrigation, all contributing to food security and 
resource optimization [79,80]. SDG 13 (Climate Action) is supported by 297 publications examining 
climate-smart agriculture, energy efficiency, and emission-reducing technologies [81–83]. 
Collectively, these findings confirm that Smart Farming acts as a multidimensional driver of 
sustainable development, simultaneously advancing food security, public health, and climate 
resilience. 

Table 6. Characterization of Smart Agriculture and its relationship with the Sustainable Development Goals. 

Authors Journals Article Title DOI 
 

Times 
Cited SDGs Brief 

conclusions studies 

Hartman et al., 
2018 [84] 

Microbiome 

Cropping practices 
manipulate 

abundance patterns 
of root and soil 

microbiome 
members paving the 

way to smart farming 

10.1186/
s40168-

017-
0389-9 

559 2, 13, 
14, 15 

Evidence suggests 
microbiome-

targeted cropping 
can enhance soil 

health and 
sustainable yields; 
targeted practices 

may enable resilient, 
low-input 

production through 
strategic microbial 

management. 

Cabreira et al., 
2019 [85] 

Drones-
Basel 

Survey on Coverage 
Path Planning with 
Unmanned Aerial 

Vehicles 

10.3390/
drones3
010004 

384 11 

UAV coverage-path 
planning improves 

monitoring 
efficiency and 
resource-use, 

enabling precise 
interventions that 
reduce inputs and 

environmental 
footprint. 

Farooq et al., 
2019 [86] 

IEEE Access A Survey on the Role 
of IoT in Agriculture 

10.1109/
ACCES

376 3, 11 IoT architecture 
facilitates 
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for the 
Implementation of 

Smart Farming 

S.2019.2
949703 

continuous farm 
monitoring, 

supporting water 
and input efficiency 

while requiring 
security measures to 

protect data 
integrity. 

Muangprathub 
et al., 2019 

[87] 

Comput. 
Electron. 

Agric. 

IoT and agriculture 
data analysis for 

smart farm 

10.1016/
j.compa
g.2018.1

2.011 

36 3, 11 

Low-cost WSN-
based irrigation 

control optimizes 
water use, reduces 
costs, and increases 

productivity, 
promoting 
sustainable 
vegetable 

production via 
automated decision-

making. 

Maddikunta et 
al., 2021 

[3] 
IEEE Sens. J. 

Unmanned Aerial 
Vehicles in Smart 

Agriculture: 
Applications, 

Requirements, and 
Challenges 

10.1109/
JSEN.20
21.3049

471 

348 11 

Affordable 
Bluetooth-enabled 
UAVs and sensors 
could democratize 

precision 
monitoring, 

lowering barriers 
and enabling 
sustainable 

smallholder uptake. 

Rose & Chilvers 
2018 
[88] 

Front. 
Sustain. 

Food Syst. 

Agriculture 4.0: 
Broadening 
Responsible 

Innovation in an Era 
of Smart Farming 

10.3389/
fsufs.20
18.0008

7 

340 2 

Responsible 
innovation 

frameworks are 
essential to ensure 
smart technologies 

advance 
sustainability 

without 
marginalizing 

farming 
communities. 

Nevavuori et al., 
2019 
[46] 

Comput. 
Electron. 

Agric. 

Crop yield prediction 
with deep 

convolutional neural 
networks 

10.1016/
j.compa
g.2019.1

04859 

318 13, 15 

CNN-based UAV 
yield prediction 
supports precise 

input allocation and 
improved 

forecasting, 
enhancing resource 

efficiency and 
sustainable 

decision-making. 
Wan & Goudos, 

2020 
Comput. 

Netw. 
Faster R-CNN for 
multi-class fruit 

10.1016/
j.comne 313 3 

Deep-learning fruit 
detection enables 
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[89] detection using a 
robotic vision system 

t.2019.1
07036 

autonomous 
harvesting and 
accurate yield 

mapping, reducing 
labor needs and 

postharvest losses 
for sustainable 

production. 

Ahmed et al., 
2018 
[90] 

IEEE 
Internet 
Things J. 

Internet of Things 
(IoT) for Smart 

Precision Agriculture 
and Farming in Rural 

Areas 

10.1109/
JIOT.20
18.2879

579 

311 
 3, 11 

Fog-empowered IoT 
reduces latency and 

improves rural 
connectivity, 

enabling reliable, 
energy-efficient 
monitoring for 

sustainable farm 
management. 

Verdouw et al., 
2021 
[4] 

Agric. Syst. 
Digital twins in 
smart farming 

10.1016/
j.agsy.2
020.103

046 

300 9,12 

Digital Twins 
enable scenario 

testing and remote 
control, improving 

resource 
optimization and 

sustainability across 
diverse farming 

systems. 

Wazid et al., 2018 
[91] 

IEEE 
Internet 
Things J. 

Design of Secure 
User Authenticated 
Key Management 

Protocol for Generic 
IoT Networks 

10.1109/
JIOT.20
17.2780

232 

287 3,11 

Secure hierarchical 
IoT authentication 
strengthens data 

trustworthiness, a 
prerequisite for 

sustainable, data-
driven agricultural 

decisions. 

Finger et al., 2019 
[92] 

Annu. Rev. 
Resour. 
Econ. 

Precision Farming at 
the Nexus of 
Agricultural 

Production and the 
Environment 

10.1146/
annure

v-
resourc

e-
100518-
093929 

275 2 

Multi-layered 
cybersecurity 

strategies are critical 
to maintain resilient, 

trustworthy IoT 
ecosystems that 

underpin 
sustainable 
precision 

agriculture. 

Gupta et al., 2020 
[5] IEEE Access 

Security and Privacy 
in Smart Farming: 

Challenges and 
Opportunities 

10.1109/
ACCES
S.2020.2
975142 

275 3, 11 

Precision farming 
reduces input waste 
and environmental 

externalities, 
justifying policy 

support to 
democratize 
benefits for 

smallholders. 
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Zamora-
Izquierdo et al., 

2019 [93] 

Biosyst. 
Eng. 

Smart farming IoT 
platform based on 

edge and cloud 
computing 

10.1016/
j.biosyst
emseng.
2018.10.

014 

248 3, 11 

Open-source, low-
cost platform for 

soilless greenhouses 
enables sustainable, 
resilient hydroponic 

production using 
edge-cloud 

orchestration and 
adaptive control. 

Sa et al., 2018 [94] 
IEEE Robot. 
Autom. Lett. 

weedNet: Dense 
Semantic Weed 

Classification Using 
Multispectral Images 
and MAV for Smart 

Farming 

10.1109/
LRA.20
17.2774

979 

241 3 

Dense semantic 
weed classification 
with MAVs enables 
selective herbicide 
application, greatly 
reducing chemical 

use and 
environmental 

impact. 

Jakku et al., 2019 
[95] 

NJAS-
Wagen. J. 
Life Sci. 

If they don't tell us 
what they do with it, 
why would we trust 

them? Trust, 
transparency and 
benefit-sharing in 

Smart Farming 

10.1016/
j.njas.20
18.11.00

2 

218 2 

Socio-technical 
analyses reveal trust 

and data 
governance as 

central to equitable, 
sustainable big-data 

agriculture 
adoption. 

Caffaro et al., 
2020 [7] 

J. Rural 
Stud. 

Drivers of farmers 
intention to adopt 

technological 
innovations in Italy: 

The role of 
information sources, 
perceived usefulness, 
and perceived ease of 

use 

10.1016/
j.jrurstu
d.2020.0

4.028 

206 2 

Farmers’ technology 
acceptance depends 

on perceived 
usefulness; tailored 

extension and 
credible information 

sources accelerate 
sustainable SFT 

uptake. 

Jayaraman et al., 
2016 [96] 

Sensors 

Internet of Things 
Platform for Smart 

Farming: Experiences 
and Lessons Learnt 

10.3390/
s161118

84 
193 3, 11 

IoT-enabled crop 
performance 

platforms automate 
data collection and 

personalized 
recommendations, 

improving resource 
efficiency and 

adaptive 
management. 

Wiseman et al., 
2019 [97] 

NJAS-
Wagen. J. 
Life Sci. 

Farmers and their 
data: An examination 
of farmers' reluctance 

to share their data 
through the lens of 
the laws impacting 

smart farming 

10.1016/
j.njas.20
19.04.00

7 

185 2 

Deep-learning 
vineyard disease 

detection drastically 
reduces chemical 
usage by enabling 

targeted treatments, 
supporting 
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sustainable 
viticulture. 

Kerkech et al., 
2020 [10] 

Comput. 
Electron. 

Agric. 

Vine disease 
detection in UAV 

multispectral images 
using optimized 

image registration 
and deep learning 

segmentation 
approach 

10.1016/
j.compa
g.2020.1

05446 

185 13, 15 

Lack of transparent 
data governance 

undermines farmer 
trust; robust policies 

and governance 
frameworks are 

essential for 
sustainable digital 

agriculture. 

Jiang et al., 2020 
[98] 

Comput. 
Electron. 

Agric. 

CNN feature based 
graph convolutional 

network for weed 
and crop recognition 

in smart farming 

10.1016/
j.compa
g.2020.1

05450 

184 3 

GCN-based weed 
recognition with 

limited labels 
supports affordable, 

accurate field 
automation, 

decreasing herbicide 
use and 

environmental 
harm. 

Saggi & Jain 2019 
[99] 

Comput. 
Electron. 

Agric. 

Reference 
evapotranspiration 

estimation and 
modeling of the 
Punjab Northern 
India using deep 

learning 

10.1016/
j.compa
g.2018.1

1.031 

175 6,13,14 

H2O ensemble 
models accurately 

estimate 
evapotranspiration, 

enabling water – 
efficient irrigation 

scheduling and 
sustainable water 

management. 

Kernecker et al., 
2020 [8] 

Precis. 
Agric. 

Experience versus 
expectation: farmers' 
perceptions of smart 
farming technologies 
for cropping systems 

across Europe 

10.1007/
s11119-

019-
09651-z 

173 2 

SFT adoption varies 
by farm context; 

inclusive co-design 
and impartial 

advice improve 
relevance and 

sustainability across 
diverse farms 

Alonso et al., 
2020 [6] 

AD HOC 
NETW 

An intelligent Edge-
IoT platform for 

monitoring livestock 
and crops in a dairy 

farming scenario 

10.1016/
j.adhoc.
2019.10

2047 

169 3,11 

IoT, edge, and 
blockchain 

integration enhance 
traceability and 

resource 
optimization, 

improving dairy 
farm sustainability 

and food-chain 
transparency. 

Sanchez-Iborra et 
al., 2018 [100] Sensors 

Performance 
Evaluation of LoRa 

Considering Scenario 
Conditions 

10.3390/
s180307

72 
168 3,11 

LoRa WAN 
performance studies 

guide low-power 
network 

deployment, 
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enabling scalable, 
energy-efficient 
monitoring for 

sustainable rural 
IoT applications 

Sozzi et al., 2022 
[101] 

Agronomy-
Basel 

Automatic Bunch 
Detection in White 

Grape Varieties 
Using YOLOv3, 
YOLOv4, and 
YOLOv5 Deep 

Learning Algorithms 

10.3390/
agrono
my1202

0319 

163 3 

YOLO object 
detection for grapes 
supports real-time 
yield estimation, 
enabling efficient 
resource planning 

and reduced waste. 

Bhat et al., 2021 
[49] 

IEEE Access 

Big Data and AI 
Revolution in 

Precision 
Agriculture: Survey 

and Challenges 

10.1109/
ACCES
S.2021.3
102227 

162 2 

Big Data and ML 
applications can 

improve decision-
making and 

sustainability, but 
social, economic, 

and policy barriers 
must be addressed. 

Subeesh et al., 
2021 [102] 

Artif. Intell. 
Agric. 

Automation and 
digitization of 

agriculture using 
artificial intelligence 

and internet of things 

10.1016/
j.aiia.20
21.11.00

4 

160 3,11 

Integrated IoT–AI 
farm machinery 

accelerates 
automation, 

boosting 
productivity while 

demanding 
responsible 

governance to 
ensure 

sustainability and 
equity. 

Carolan, 2020 
[103] 

J. Peasant 
Stud. 

Automated agrifood 
futures: robotics, 

labor and the 
distributive politics 

of digital agriculture 

10.1080/
0306615
0.2019.1
584189 

156 2 

Wind-energy–
harvesting 

nanogenerators 
enable self-powered 
sensors, supporting 
autonomous, low-

footprint 
monitoring and 
sustainable farm 

electrification. 

Eastwood et al., 
2019 [104] 

J. Agric. 
Environ. 

Ethics 

Managing Socio-
Ethical Challenges in 
the Development of 

Smart Farming: From 
a Fragmented to a 
Comprehensive 

Approach for 
Responsible Research 

and Innovation 

10.1007/
s10806-

017-
9704-5 

151 2 

Responsible 
Research and 

Innovation (RRI) 
adoption in smart 
dairying promotes 
socially inclusive, 

ethically grounded 
technological 

development for 
sustainable livestock 

systems. 
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5. Conclusions 

This bibliometric study provides a comprehensive overview of the evolution, productivity, and 
scientific impact of Smart Farming within the framework of the Sustainable Development Goals 
(SDGs). The findings demonstrate an exponential growth of knowledge, validated by Price’s Law, 
accompanied by a solid collaboration structure consistent with Lotka’s Law. 

Empirical evidence shows that Smart Farming research has moved from a descriptive phase to 
a transformative one, where digitalization, automation, and data analytics define a new model of 
agricultural sustainability. The strong presence of SDG 3 underlines the relevance of technological 
innovation for safer and healthier food systems, while the links with SDGs 2, 11, and 13 highlight 
Smart Farming’s contribution to food security, sustainable urban development, and climate 
resilience. 

Furthermore, the high concentration of Q1 journal publications and the strong citation 
performance confirm the maturity and global relevance of the field. This study suggests that public 
policies, technical training, and international cooperation should focus on promoting the equitable 
adoption of smart technologies, particularly in developing countries. 

In summary, Smart Farming emerges as a bridge between data science, technological innovation, 
and sustainability, playing a vital role in the transition toward resilient, inclusive, and sustainable 
agri-food systems. 
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paper posted on Preprints.org, SFdata-2025-10-17.xlsx. 

Author Contributions: Conceptualization, C.B.-B., A.V.-M., and J.M.-L.; methodology, A.V.-M.; validation, 
A.V.-M.; formal analysis, C.B.-B., A.V.-M. and J.M.-L.; investigation, R.C.-S., and G.S.-S.; resources, A.V.-M. and 
G.S.-S.; data curation, J.M.-L., and R.C.-S.; writing—original draft preparation, C.B.-B., A.V.-M., G.S.-S., R.C.-S., 
and J.M.-L.; writing—review and editing, C.B.-B., A.V.-M., G.S.-S., R.C.-S., and J.M.-L.; visualization, A.V.M., 
and J.M.-L.; supervision, A.V.-M.; project administration, C.B.-B., A.V.-M., and J.M.-L.; funding acquisition, C.B.-
B., A.V.-M., G.S.-S., R.C.-S., and J.M.-L. All authors have read and agreed to the published version of the 
manuscript. 

Funding: This article has received partial funding for the article processing charge (APC) from: Universidad 
Arturo Prat (Code: APC2025), Universidad Autónoma de Chile (Code: APC2025), Universidad Católica de la 
Santísima Concepción (Code: APC2025), Universidad Central de Chile (Code: APC2025), Universidad de Las 
Américas (Code: APC2025), Universidad Nacional Autónoma de Honduras (Code: APC2025), and Universidad 
Tecnológica Metropolitana (Code: APC2025). 

Institutional Review Board Statement: Not applicable. 

Data Availability Statement: in supplementary materials. 

Conflicts of Interest: The authors declare no conflicts of interest. 

References 

1. Musa, S.F.P.D.; Basir, K.H. Smart Farming: Towards a Sustainable Agri-Food System. Br. Food 
J. 2021, 123, 3085–3099. https://doi.org/10.1108/BFJ-03-2021-0325. 

2. Pandey, P.C.; Pandey, M. Highlighting the Role of Agriculture and Geospatial Technology in 
Food Security and Sustainable Development Goals. Sustain. Dev. 2023, 31, 3175–3195. 
https://doi.org/10.1002/sd.2600. 

3. Maddikunta, P.K.R.; Hakak, S.; Alazab, M.; Bhattacharya, S.; Gadekallu, T.R.; Khan, W.Z.; Pham, 
Q.-V. Unmanned aerial vehicles in smart agriculture: Applications, requirements, and 
challenges. IEEE Sens. J. 2021, 21, 17608–17619. http://dx.doi.org/10.1109/JSEN.2021.3049471.  

4. Verdouw, C.; Tekinerdogan, B.; Beulens, A.; Wolfert, S. Digital Twins in Smart Farming. Agric. 
Syst. 2021, 189, 103046. https://doi.org/10.1016/j.agsy.2020.103046. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2288.v1
http://creativecommons.org/licenses/by/4.0/


 20 of 25 

 

5. Gupta, M.; Abdelsalam, M.; Khorsandroo, S.; Mittal, S. Security and privacy in smart farming: 
Challenges and opportunities. IEEE Access 2020, 8, 34564–34584. 
http://dx.doi.org/10.1109/ACCESS.2020.2975142. 

6. Alonso, R.S.; Sittón-Candanedo, I.; García, Ó.; Prieto, J.; Rodríguez-González, S. An Intelligent 
Edge-IoT Platform for Monitoring Livestock and Crops in a Dairy Farming Scenario.  Ad Hoc 
Netw.  2020, 98, 102047. http://dx.doi.org/10.1016/j.adhoc.2019.102047. 

7. Caffaro, F.; Micheletti Cremasco, M.; Roccato, M.; Cavallo, E. Drivers of Farmers’ Intention to 
Adopt Technological Innovations in Italy: The Role of Information Sources, Perceived 
Usefulness, and Perceived Ease of Use. J. Rural Stud. 2020, 76, 264–271. 
https://doi.org/10.1016/j.jrurstud.2020.04.028. 

8. Kernecker, M.; Knierim, A.; Wurbs, A.; Kraus, T.; Borges, F. Experience versus Expectation: 
Farmers’ Perceptions of Smart Farming Technologies for Cropping Systems across 
Europe. Precis. Agric. 2020, 21, 34–50. https://doi.org/10.1007/s11119-019-09651-z.  

9. Giua, C.; Materia, V.C.; Camanzi, L. Smart Farming Technologies Adoption: Which Factors Play 
a Role in the Digital Transition? Technol. Soc. 2022, 68, 101869. 
https://doi.org/10.1016/j.techsoc.2022.101869. 

10. Kerkech, M.; Hafiane, A.; Canals, R. Vine Disease Detection in UAV Multispectral Images Using 
Optimized Image Registration and Deep Learning Segmentation Approach. Comput. Electron. 
Agric. 2020, 174, 105446. https://doi.org/10.1016/j.compag.2020.105446 

11. Han, J.; Feng, Y.; Chen, P.; Liang, X.; Pang, H.; Jiang, T.; Wang, Z.L. Wind-driven Soft-contact 
Rotary Triboelectric Nanogenerator Based on Rabbit Fur with High Performance and Durability 
for Smart Farming. Adv. Funct. Mater. 2022, 32, 2108580. https://doi.org/10.1002/adfm.202108580 

12. Idoje, G.; Dagiuklas, T.; Iqbal, M. Survey for Smart Farming Technologies: Challenges and 
Issues. Comput. Electr. Eng. 2021, 92, 107104. https://doi.org/10.1016/j.compeleceng.2021.107104 

13. Ingram, J.; Maye, D. What are the implications of digitalisation for agricultural 
knowledge? Front. Sustain. Food Syst. 2020, 4. http://dx.doi.org/10.3389/fsufs.2020.00066.  

14. Balaska, V.; Adamidou, Z.; Vryzas, Z.; Gasteratos, A. Sustainable Crop Protection via Robotics 
and Artificial Intelligence Solutions. Machines 2023, 11, 774. 
https://doi.org/10.3390/machines11080774 

15. Lytos, A.; Lagkas, T.; Sarigiannidis, P.; Zervakis, M.; Livanos, G. Towards Smart Farming: 
Systems, Frameworks and Exploitation of Multiple Sources. Comput. Netw. 2020, 172, 107147. 
https://doi.org/10.1016/j.comnet.2020.107147 

16. Mahajan, H.B.; Badarla, A. Cross-Layer Protocol for WSN-Assisted IoT Smart Farming 
Applications Using Nature Inspired Algorithm. Wirel. Pers. Commun. 2021, 121, 3125–3149. 
https://doi.org/10.1007/s11277-021-08866-6. https://doi.org/10.1007/s11277-021-08866-6. 

17. Abiri, R.; Rizan, N.; Balasundram, S.K.; Shahbazi, A.B.; Abdul-Hamid, H. Application of Digital 
Technologies for Ensuring Agricultural Productivity. Heliyon 2023, 9, e22601. 
http://dx.doi.org/10.1016/j.heliyon.2023.e22601. 

18. Sharma, R.; Kamble, S.; Mani, V.; Belhadi, A. An empirical investigation of the influence of 
industry 4.0 technology capabilities on agriculture supply chain integration and sustainable 
performance. IEEE Trans. Eng. Manage. 2024, 71, 12364–12384. 
http://dx.doi.org/10.1109/TEM.2022.3192537. 

19. Balafoutis, A.T.; Van Evert, F.K.; Fountas, S. Smart Farming Technology Trends: Economic and 
Environmental Effects, Labor Impact, and Adoption Readiness. Agronomy (Basel) 2020, 10, 743. 
https://doi.org/10.3390/agronomy10050743 

20. Groher, T.; Heitkämper, K.; Walter, A.; Liebisch, F.; Umstätter, C. Status Quo of Adoption of 
Precision Agriculture Enabling Technologies in Swiss Plant Production. Precis. Agric. 2020, 21, 
1327–1350. http://dx.doi.org/10.1007/s11119-020-09723-5. 

21. Bolfe, É.L.; Jorge, L.A. de C.; Sanches, I.D.; Luchiari Júnior, A.; da Costa, C.C.; Victoria, D. de C.; 
Inamasu, R.Y.; Grego, C.R.; Ferreira, V.R.; Ramirez, A.R. Precision and Digital Agriculture: 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2288.v1
http://creativecommons.org/licenses/by/4.0/


 21 of 25 

 

Adoption of Technologies and Perception of Brazilian Farmers. Agriculture 2020, 10, 653. 
https://doi.org/10.3390/agriculture10120653 

22. Mattivi, P.; Pappalardo, S.E.; Nikolić, N.; Mandolesi, L.; Persichetti, A.; De Marchi, M.; Masin, R. 
Can Commercial Low-Cost Drones and Open-Source GIS Technologies Be Suitable for Semi-
Automatic Weed Mapping for Smart Farming? A Case Study in NE Italy. Remote Sens. 
(Basel) 2021, 13, 1869. http://dx.doi.org/10.3390/rs13101869. 

23. Jakku, E.; Fleming, A.; Espig, M.; Fielke, S.; Finlay-Smits, S.C.; Turner, J.A. Disruption 
Disrupted? Reflecting on the Relationship between Responsible Innovation and Digital 
Agriculture Research and Development at Multiple Levels in Australia and Aotearoa New 
Zealand. Agric. Syst. 2023, 204, 103555. http://dx.doi.org/10.1016/j.agsy.2022.103555. 

24. Latino, M.E.; Menegoli, M.; Corallo, A. Agriculture digitalization: A global examination based 
on bibliometric analysis. IEEE Trans. Eng. Manage. 2024, 71, 1330–1345. 
http://dx.doi.org/10.1109/TEM.2022.3154841. 

25. Green, A.G.; Abdulai, A.-R.; Duncan, E.; Glaros, A.; Campbell, M.; Newell, R.; Quarshie, P.; Kc, 
K.B.; Newman, L.; Nost, E.; et al. A Scoping Review of the Digital Agricultural Revolution and 
Ecosystem Services: Implications for Canadian Policy and Research Agendas. Facets 
(Ott) 2021, 6, 1955–1985. http://dx.doi.org/10.1139/facets-2021-0017. 

26. Kakamoukas, G.; Sarigiannidis, P.; Maropoulos, A.; Lagkas, T.; Zaralis, K.; Karaiskou, C. 
Towards Climate Smart Farming—A Reference Architecture for Integrated Farming 
Systems. Telecom 2021, 2, 52–74. http://dx.doi.org/10.3390/telecom2010005. 

27. Kazancoglu, Y.; Lafci, C.; Kumar, A.; Luthra, S.; Garza-Reyes, J.A.; Berberoglu, Y. The Role of 
Agri-food 4.0 in Climate-smart Farming for Controlling Climate Change-related Risks: A 
Business Perspective Analysis. Bus. Strat. Environ. 2024, 33, 2788–2802. 
http://dx.doi.org/10.1002/bse.3629. 

28. Boronyak, L.; Jacobs, B.; Wallach, A.; McManus, J.; Stone, S.; Stevenson, S.; Smuts, B.; Zaranek, 
H. Pathways towards Coexistence with Large Carnivores in Production Systems. Agric. Human 
Values 2022, 39, 47–64. http://dx.doi.org/10.1007/s10460-021-10224-y.  

29. Chukkapalli, S.S.L.; Mittal, S.; Gupta, M.; Abdelsalam, M.; Joshi, A.; Sandhu, R.; Joshi, K. 
Ontologies and artificial intelligence systems for the cooperative smart farming ecosystem. IEEE 
Access 2020, 8, 164045–164064. http://dx.doi.org/10.1109/ACCESS.2020.3022763. 

30. Trilles, S.; González-Pérez, A.; Huerta, J. An IoT Platform Based on Microservices and Serverless 
Paradigms for Smart Farming Purposes. Sensors (Basel) 2020, 20, 2418. 
https://doi.org/10.3390/s20082418 

31. Shaikh, F.K.; Karim, S.; Zeadally, S.; Nebhen, J. Recent trends in internet-of-things-enabled 
sensor technologies for smart agriculture. IEEE Internet Things J. 2022, 9, 23583–23598. 
http://dx.doi.org/10.1109/JIOT.2022.3210154. 

32. Mahbub, M. A Smart Farming Concept Based on Smart Embedded Electronics, Internet of 
Things and Wireless Sensor Network. Internet Things (Amst.) 2020, 9, 100161. 
http://dx.doi.org/10.1016/j.iot.2020.100161. 

33. Zhang, J.; Li, X.; Zhang, X.; Xue, Y.; Srivastava, G.; Dou, W. Service Offloading Oriented Edge 
Server Placement in Smart Farming. Softw. Pract. Exp. 2021, 51, 2540–2557. 
http://dx.doi.org/10.1002/spe.2847. 

34. Debauche, O.; Mahmoudi, S.; Manneback, P.; Lebeau, F. Cloud and Distributed Architectures 
for Data Management in Agriculture 4.0 : Review and Future Trends. J. King Saud Univ. - Comput. 
Inf. Sci. 2022, 34, 7494–7514. http://dx.doi.org/10.1016/j.jksuci.2021.09.015. 

35. Almalki, F.A.; Soufiene, B.O.; Alsamhi, S.H.; Sakli, H. A Low-Cost Platform for Environmental 
Smart Farming Monitoring System Based on IoT and UAVs. Sustainability 2021, 13, 5908. 
http://dx.doi.org/10.3390/su13115908. 

36. Castañeda-Miranda, A.; Castaño-Meneses, V.M. Internet of Things for Smart Farming and Frost 
Intelligent Control in Greenhouses. Comput. Electron. Agric. 2020, 176, 105614. 
http://dx.doi.org/10.1016/j.compag.2020.105614. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2288.v1
http://creativecommons.org/licenses/by/4.0/


 22 of 25 

 

37. Chaganti, R.; Varadarajan, V.; Gorantla, V.S.; Gadekallu, T.R.; Ravi, V. Blockchain-Based Cloud-
Enabled Security Monitoring Using Internet of Things in Smart Agriculture. Future 
Internet 2022, 14, 250. http://dx.doi.org/10.3390/fi14090250. 

38. Pagano, A.; Croce, D.; Tinnirello, I.; Vitale, G. A survey on LoRa for smart agriculture: Current 
trends and future perspectives. IEEE Internet Things J. 2023, 10, 3664–3679. 
http://dx.doi.org/10.1109/JIOT.2022.3230505. 

39. Jamil, F.; Ibrahim, M.; Ullah, I.; Kim, S.; Kahng, H.K.; Kim, D.-H. Optimal Smart Contract for 
Autonomous Greenhouse Environment Based on IoT Blockchain Network in 
Agriculture. Comput. Electron. Agric. 2022, 192, 106573. 
http://dx.doi.org/10.1016/j.compag.2021.106573.  

40. Kumar, I.; Rawat, J.; Mohd, N.; Husain, S. Opportunities of Artificial Intelligence and Machine 
Learning in the Food Industry. J. Food Qual. 2021, 1–10. http://dx.doi.org/10.1155/2021/4535567. 

41. Glaroudis, D.; Iossifides, A.; Chatzimisios, P. Survey, Comparison and Research Challenges of 
IoT Application Protocols for Smart Farming. Comput. Netw. 2020, 168, 107037. 
http://dx.doi.org/10.1016/j.comnet.2019.107037. 

42. Rajak, P.; Ganguly, A.; Adhikary, S.; Bhattacharya, S. Internet of Things and Smart Sensors in 
Agriculture: Scopes and Challenges. J. Agric. Food Res. 2023, 14, 100776. 
http://dx.doi.org/10.1016/j.jafr.2023.100776. 

43. Vangala, A.; Sutrala, A.K.; Das, A.K.; Jo, M. Smart contract-based blockchain-envisioned 
authentication scheme for smart farming. IEEE Internet Things J. 2021, 8, 10792–10806. 
http://dx.doi.org/10.1109/JIOT.2021.3050676. 

44. Hsu, H.H.; Zhang, X.; Xu, K.; Wang, Y.; Wang, Q.; Luo, G.; Xing, M.; Zhong, W. Self-Powered 
and Plant-Wearable Hydrogel as LED Power Supply and Sensor for Promoting and Monitoring 
Plant Growth in Smart Farming. Chem. Eng. J. 2021, 422, 129499. 
http://dx.doi.org/10.1016/j.cej.2021.129499. 

45. Codeluppi, G.; Cilfone, A.; Davoli, L.; Ferrari, G. LoRaFarM: A LoRaWAN-Based Smart Farming 
Modular IoT Architecture. Sensors (Basel) 2020, 20, 2028. https://doi.org/10.3390/s20072028. 

46. Nevavuori, P.; Narra, N.; Lipping, T. Crop Yield Prediction with Deep Convolutional Neural 
Networks. Comput. Electron. Agric. 2019, 163, 104859. 
https://doi.org/10.1016/j.compag.2019.104859. 

47. Islam, N.; Rashid, M.M.; Wibowo, S.; Xu, C.-Y.; Morshed, A.; Wasimi, S.A.; Moore, S.; Rahman, 
S.M. Early Weed Detection Using Image Processing and Machine Learning Techniques in an 
Australian Chilli Farm. Agriculture 2021, 11, 387. https://doi.org/10.3390/agriculture11050387. 

48. Taneja, M.; Byabazaire, J.; Jalodia, N.; Davy, A.; Olariu, C.; Malone, P. Machine Learning Based 
Fog Computing Assisted Data-Driven Approach for Early Lameness Detection in Dairy 
Cattle. Comput. Electron. Agric. 2020, 171, 105286. https://doi.org/10.1016/j.compag.2020.105286. 

49. Bhat, S.A.; Huang, N.-F. Big data and AI revolution in precision agriculture: Survey and 
challenges. IEEE Access 2021, 9, 110209–110222. https://doi.org/10.1109/ACCESS.2021.3102227. 

50. Raj, M.; Gupta, S.; Chamola, V.; Elhence, A.; Garg, T.; Atiquzzaman, M.; Niyato, D. A Survey on 
the Role of Internet of Things for Adopting and Promoting Agriculture 4.0. J. Netw. Comput. 
Appl. 2021, 187, 103107, do https://doi.org/10.1016/j.jnca.2021.103107. 

51. Holzinger, A.; Saranti, A.; Angerschmid, A.; Retzlaff, C.O.; Gronauer, A.; Pejakovic, V.; Medel-
Jimenez, F.; Krexner, T.; Gollob, C.; Stampfer, K. Digital Transformation in Smart Farm and 
Forest Operations Needs Human-Centered AI: Challenges and Future Directions. Sensors 
(Basel) 2022, 22, 3043. https://doi.org/10.3390/s22083043. 

52. Elbasi, E.; Zaki, C.; Topcu, A.E.; Abdelbaki, W.; Zreikat, A.I.; Cina, E.; Shdefat, A.; Saker, L. Crop 
Prediction Model Using Machine Learning Algorithms. Appl. Sci. (Basel) 2023, 13, 9288. 
https://doi.org/10.3390/app13169288. 

53. Unal, Z. Smart farming becomes even smarter with deep learning—A bibliographical 
analysis. IEEE Access 2020, 8, 105587–105609. https://doi.org/10.1109/ACCESS.2020.3000175. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2288.v1
http://creativecommons.org/licenses/by/4.0/


 23 of 25 

 

54. Zupic, I.; Cater, T. Bibliometric Methods in Management and Organization. Org. Res. Meth. 2015, 
18, 429-472. https://doi.org/10.1177/10944281145626. 

55. Mukherjee, D.; Lim, W.M.; Kumar, S.; Donthu, N. Guidelines for advancing theory and practice 
through bibliometric research. J. Bus. Res. 2022, 148, 101–115. 
https://doi.org/10.1016/j.jbusres.2022.04.042. 

56. Clarivate (2025). Web of Science. Available at: https://www.webofknowledge.com (Accessed 
October 17, 2025). 

57. Price, D.A general theory of bibliometric and other cumulative advantage processes. J. Assoc. 
Inf. Sci. 1976, 27, 292–306. https://doi.org/10.1002/asi.4630270505. 

58. Dobrov, G.; Randolph, R.; Rauch, W. New options for team research via international computer 
networks. Scientometrics 1979, 1, 387–404. https://doi.org/10.1007/BF02016658. 

59. Nicholls, P. Price’s square root law: Empirical validity and relation to Lotka’s law. Inf. Process. 
Manag. 1988, 24, 469–477. https://doi.org/10.1016/0306-4573(88)90049-0 

60. Bulik, S. Book use as a Bradford-Zipf phenomenon. Coll. Res. Libr. 1978, 39, 215–219. 
https://doi.org/10.5860/crl_39_03_215. 

61. Desai, N.; Veras, L.; Gosain, A. Using Bradford's law of scattering to identify the core journals of 
pediatric surgery. J. Surgical Research 2018, 229, 90-95. https://doi.org/10.1016/j.jss.2018.03.062.  

62. Lotka, A. The frequency distribution of scientific productivity. J. Wash. Acad. Sci. 1926, 16. 
63. Hirsch, J.E. An index to quantify an individual’s scientific research output. Proc. Natl. Acad. Sci. 

USA 2005, 102, 16569–16572. https://doi.org/10.1073/pnas.0507655102 
64. Crespo, N., and Simoes, N. Publication performance through the lens of the h-index: how can 

we solve the problem of the ties? Soc. Sci. Q. 2019, 100, 2495–2506. 
https://doi.org/10.1111/ssqu.12696 

65. Tsai, H. Knowledge management vs. data mining: Research trend, forecast and citation 
approach. Expert Syst. Appl. 2013, 40, 3160–3173. https://doi.org/10.1016/j.eswa.2012.12.029. 

66. Alvarado, R.U. Growth of Literature on Bradford’s Law. Investig. Bibl. Arch. Bibliotecol. 
Inf. 2016, 30, 51–72, https://doi.org/10.1016/j.ibbai.2016.06.003  

67. Garfield, E. Citation Analysis as a Tool in Journal Evaluation. Science 1972, 178, 471–479. 
https://doi.org/10.1126/science.178.4060.471. 

68. Van Eck, N. J., and Waltman, L. Software survey: VOSviewer, a computer program for 
bibliometric mapping. Scientometrics 2010, 84, 523–538. https://doi.org/10.1007/s11192-009-0146-
3. 

69. Harzing, A.W.; Alakangas, S. Google Scholar, Scopus and the Web of Science: a longitudinal and 
cross-disciplinary comparison. Scientometrics 2016, 106, 787-804. https://doi.org/10.1007/s11192-
015-1798-9. 

70. Delgado-Quirós, L.; Ortega, J.L. Citation counts and inclusion of references in seven free-access 
scholarly databases: A comparative analysis. J. Inf. 2025, 19, 101618. 
https://doi.org/10.1016/j.joi.2024.101618. 

71. Asubiaro, T.; Onaolapo, S.; Mills, D. Regional disparities in Web of Science and Scopus journal 
coverage. Scientometrics 2024, 129, 1469–1491. https://doi.org/10.1007/s11192-024-04948-x. 

72. Grant, M.J.; Booth, A. A typology of reviews: an analysis of 14 review types and associated 
methodologies. Health Info. Libr. J. 2009, 26, 91-108. https://doi.org/10.1111/j.1471-
1842.2009.00848.x. 

73. Armenta-Medina, D.; Ramirez-delReal, T.A.; Villanueva-Vásquez, D.; Mejia-Aguirre, C. Trends 
on Advanced Information and Communication Technologies for Improving Agricultural 
Productivities: A Bibliometric Analysis. Agronomy (Basel) 2020, 10, 1989. 
https://doi.org/10.3390/agronomy10121989. 

74. Sott, M.K.; Nascimento, L. da S.; Foguesatto, C.R.; Furstenau, L.B.; Faccin, K.; Zawislak, P.A.; 
Mellado, B.; Kong, J.D.; Bragazzi, N.L. A Bibliometric Network Analysis of Recent Publications 
on Digital Agriculture to Depict Strategic Themes and Evolution Structure. Sensors 
(Basel) 2021, 21, 7889. https://doi.org/10.3390/s21237889. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2288.v1
http://creativecommons.org/licenses/by/4.0/


 24 of 25 

 

75. Kamran, M.; Khan, H.U.; Nisar, W.; Farooq, M.; Rehman, S.-U. Blockchain and Internet of 
Things: A Bibliometric Study. Comput. Electr. Eng. 2020, 81, 106525. 
https://doi.org/10.1016/j.compeleceng.2019.106525. 

76. Bhardwaj, M.; Kumar, P.; Singh, A. Bibliometric Review of Digital Transformation in 
Agriculture: Innovations, Trends and Sustainable Futures. J. Agribus. Dev. Emerg. Econ. 2025. 
https://doi.org/10.1108/JADEE-02-2025-0083. 

77. Patil, R.R.; Kumar, S.; Rani, R.; Agrawal, P.; Pippal, S.K. A Bibliometric and Word Cloud 
Analysis on the Role of the Internet of Things in Agricultural Plant Disease Detection. Appl. Syst. 
Innov. 2023, 6, 27. https://doi.org/10.3390/asi6010027. 

78. Luque-Reyes, J.R.; Zidi, A.; Peña-Acevedo, A.; Gallardo-Cobos, R. Assessing Agri-Food 
Digitalization: Insights from Bibliometric and Survey Analysis in Andalusia. World 2025, 6, 57. 
https://doi.org/10.3390/world6020057. 

79. Kushartadi, T.; Mulyono, A.E.; Al Hamdi, A.H.; Rizki, M.A.; Sadat Faidar, M.A.; Harsanto, W.D.; 
Suryanegara, M.; Asvial, M. Theme Mapping and Bibliometric Analysis of Two Decades of 
Smart Farming. Information (Basel) 2023, 14, 396. https://doi.org/10.3390/info14070396. 

80. Dutta, M.; Gupta, D.; Tharewal, S.; Goyal, D.; Kaur Sandhu, J.; Kaur, M.; Ali Alzubi, A.; Mutared 
Alanazi, J. Internet of things-based smart precision farming in soilless agriculture: Opportunities 
and challenges for global food security. IEEE Access 2025, 13, 34238–34268. 
https://doi.org/10.1109/ACCESS.2025.3540317. 

81. Ragazou, K.; Garefalakis, A.; Zafeiriou, E.; Passas, I. Agriculture 5.0: A New Strategic 
Management Mode for a Cut Cost and an Energy Efficient Agriculture Sector. Energies 2022, 15, 
3113. https://doi.org/10.3390/en15093113. 

82. Gamage, A.; Gangahagedara, R.; Subasinghe, S.; Gamage, J.; Guruge, C.; Senaratne, S.; Randika, 
T.; Rathnayake, C.; Hameed, Z.; Madhujith, T.; et al. Advancing Sustainability: The Impact of 
Emerging Technologies in Agriculture. Curr. Plant Biol. 2024, 40, 100420. 
https://doi.org/10.1016/j.cpb.2024.100420. 

83. Apeh, O.O.; Nwulu, N.I. Improving Traceability and Sustainability in the Agri-Food Industry 
through Blockchain Technology: A Bibliometric Approach, Benefits and Challenges. Energy 
Nexus 2025, 17, 100388. https://doi.org/10.1016/j.nexus.2025.100388. 
https://doi.org/10.1016/j.nexus.2025.100388. 

84. Hartman, K.; van der Heijden, M.G.A.; Wittwer, R.A.; Banerjee, S.; Walser, J.C.; Schlaeppi, K. 
Cropping practices manipulate abundance patterns of root and soil microbiome members 
paving the way to smart farming. Microbiome 2018, 6, 14. http://dx.doi.org/10.1186/s40168-017-
0389-9. 

85. Cabreira, T.M.; Brisolara, L.B.; Paulo, R.F. Survey on Coverage Path Planning with Unmanned 
Aerial Vehicles. Drones-Basel 2019, 3, 4. http://dx.doi.org/10.3390/drones3010004. 

86. Farooq, M.S.; Riaz, S.; Abid, A.; Abid, K.; Naeem, MA. A Survey on the Role of IoT in Agriculture 
for the Implementation of Smart Farming . IEEE Access 2019, 7, 156237-156271. 
http://dx.doi.org/10.1109/ACCESS.2019.2949703. 

87. Muangprathub, J.; Boonnam, N.; Kajornkasirat, S.; Lekbangpong, N.; Wanichsombat, A.; Nillaor, 
P. IoT and agriculture data analysis for smart farm. Comput. Electron. Agric. 2019, 156, 467-474. 
http://dx.doi.org/10.1016/j.compag.2018.12.011. 

88. Rose, D.C.; Chilvers, J. Agriculture 4.0: Broadening Responsible Innovation in an Era of Smart 
Farming. Front. Sustain. Food Syst. 2018, 2, 87. http://dx.doi.org/10.3389/fsufs.2018.00087.  

89. Wan, S.H.; Goudos, S. Faster R-CNN for multi-class fruit detection using a robotic vision system. 
Comput. Netw. 2020, 168, 107036. http://dx.doi.org/10.1016/j.comnet.2019.107036.     

90. Ahmed, N.; De, D.; Hussain, M.I. Internet of Things (IoT) for Smart Precision Agriculture and 
Farming in Rural Areas. IEEE Internet Things J. 2018, 5, 4890 -4899. 
http://dx.doi.org/10.1109/JIOT.2018.2879579. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2288.v1
http://creativecommons.org/licenses/by/4.0/


 25 of 25 

 

91. Wazid, M.; Das, A.K.; Odelu, V.; Kumar, N.; Conti, M.; Jo, M. Design of Secure User 
Authenticated Key Management Protocol for Generic IoT Networks. IEEE Internet Things J. 2018, 
5, 269-282. http://dx.doi.org/10.1109/JIOT.2017.2780232. 

92. Finger, R; Swinton, SM; El Benni, N; Walter, A. Precision Farming at the Nexus of Agricultural 
Production and the Environment. In Annual Reviews of Resources Economics; Rausser, G.C.; 
Zilberman, D., Eds.; Annual Reviews: Palo Alto, CA, USA, 2019, Volume 11, pp. 313 – 335. 
http://dx.doi.org/10.1146/annurev-resource-100518-093929. 

93. Zamora-Izquierdo, M.A.; Santa, J.; Martínez, J.A.; Martínez, V.; Skarmeta, A.F. Smart farming 
IoT platform based on edge and cloud computing. Biosyst. Eng. 2019, 177, 4-17. 
http://dx.doi.org/10.1016/j.biosystemseng.2018.10.014.  

94. Sa, I; Chen, Z.T.; Popovic, M.; Khanna, R.; Liebisch, F.; Nieto, J.; Siegwart, R. weedNet: Dense 
Semantic Weed Classification Using Multispectral Images and MAV for Smart Farming. IEEE 
Robot. Autom. Lett. 2018, 3, 588-595. http://dx.doi.org/10.1109/LRA.2017.2774979.      

95. Jakku, E.; Taylor, B.; Fleming, A.; Mason, C.; Fielke, S.; Sounness, C.; Thorburn, P. If they don't 
tell us what they do with it, why would we trust them? Trust, transparency and benefit-sharing 
in Smart Farming. NJAS-Wagen. J. Life Sci. 2019, 90-91, 100285. 
http://dx.doi.org/10.1016/j.njas.2018.11.002.  

96. Jayaraman, P.P.; Yavari, A.; Georgakopoulos, D.; Morshed, A.; Zaslavsky, A. Internet of Things 
Platform for Smart Farming: Experiences and Lessons Learnt. Sensors 2016, 16, 1884. 
http://dx.doi.org/10.3390/s16111884. 

97. Wiseman, L.; Sanderson, J.; Zhang, A.R.; Jakku, E. Farmers and their data: An examination of 
farmers' reluctance to share their data through the lens of the laws impacting smart farming. 
NJAS-Wagen. J. Life Sci. 2019, 90-91, 100301. http://dx.doi.org/10.1016/j.njas.2019.04.007.  

98. Jiang, H.H.; Zhang, C.Y.; Qiao, Y.L.; Zhang, Z.; Zhang, W.J.; Song, C.Q. CNN feature based graph 
convolutional network for weed and crop recognition in smart farming. Comput. Electron. Agric. 
2020, 174, 105450. http://dx.doi.org/10.1016/j.compag.2020.105450.  

99. Saggi, M.K.; Jain, S. Reference evapotranspiration estimation and modeling of the Punjab 
Northern India using deep learning. Comput. Electron. Agric. 2019, 156, 387-398. 
http://dx.doi.org/10.1016/j.compag.2018.11.031. 

100. Sanchez-Iborra, R.; Sanchez-Gomez, J.; Ballesta-Viñas, J.; Cano, M.D.; Skarmeta, A.F. 
Performance Evaluation of LoRa Considering Scenario Conditions. Sensors 2018, 18, 772. 
http://dx.doi.org/10.3390/s18030772. 

101. Sozzi, M.; Cantalamessa, S.; Cogato, A.; Kayad, A.; Marinello, F. Automatic Bunch Detection in 
White Grape Varieties Using YOLOv3, YOLOv4, and YOLOv5 Deep Learning Algorithms. 
Agronomy-Basel 2022, 12, 319. http://dx.doi.org/10.3390/agronomy12020319.    

102. Subeesh, A.; Mehta, C.R. Automation and digitization of agriculture using artificial intelligence 
and internet of things. Artif. Intell. Agric. 2021, 5, 278-291. 
http://dx.doi.org/10.1016/j.aiia.2021.11.004.  

103. Carolan, M. Automated agrifood futures: robotics, labor and the distributive politics of digital 
agriculture. J. Peasant Stud. 2020, 47, 184 -207. 
http://dx.doi.org/10.1080/03066150.2019.1584189.   

104. Eastwood, C.; Klerkx, L.; Ayre, M.; Dela Rue, B. Managing Socio-Ethical Challenges in the 
Development of Smart Farming: From a Fragmented to a Comprehensive Approach for 
Responsible Research and Innovation. J. Agric. Environ. Ethics 2019, 32, 741-768. 
http://dx.doi.org/10.1007/s10806-017-9704-5. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are 
solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI 
and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any 
ideas, methods, instructions or products referred to in the content. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2288.v1
http://creativecommons.org/licenses/by/4.0/

