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Introduction 

Maize (Zea mays L.) is one of the most widely cultivated and 

economically important cereal crops worldwide, serving as a 

cornerstone of global food security, livestock feed systems, industrial 

raw materials and biofuel production. Its extensive geographic 

distribution and adaptability make maize a critical contributor to the 

economic growth and livelihood security of many countries (1). Given 

its central role in agri-food systems, accurate and timely prediction of 

maize yield is essential for optimising crop management practices and 

ensuring sustainable agriculture, especially in the face of increasing 

climate variability, soil degradation and changing farming practices (2). 

 The global demand for food continues to rise in response to 

rapid population growth, intensifying the need for reliable crop yield 

prediction to support agricultural planning and food security. Yield 

forecasting enables efficient allocation of key inputs such as water, 

fertilisers and labour, thereby enhancing productivity while 

minimising resource wastage (3). Accurate yield estimates are also 

crucial for farmers, policymakers and other stakeholders to mitigate 

risks associated with climate extremes, pest and disease outbreaks 

and market price volatility (4). At broader scales, yield predictions 

play a vital role in shaping food distribution systems, trade policies 

and strategic reserves, thereby strengthening global food security 

(5). 

 Maize yield exhibits considerable interannual variability due 

to fluctuations in climatic factors such as temperature and 

precipitation, necessitating multi-year datasets for robust 

agronomic characterisation of cultivars. The crop is particularly 

sensitive to elevated temperatures during critical phenological 

stages, especially flowering and grain filling, which strongly influence 

kernel number, grain weight and final yield quality (6). These 

responses are further modulated by soil fertility status, water and 

nutrient availability and management practices, resulting in highly 
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Abstract  

Maize plays a vital role in global food security, making accurate and timely yield prediction essential for effective agricultural planning, policy 
formulation and resource management. In recent decades, advances in remote sensing and machine learning have transformed crop yield 

forecasting by enabling scalable, data-driven and high-resolution assessments that outperform conventional agronomic approaches. This 

bibliometric analysis provides a comprehensive assessment of global research trends, collaboration patterns and thematic evolution in remote 
sensing and machine learning-based maize yield prediction from 2000–2025. A total of 493 peer-reviewed articles indexed in the Scopus database 

were analysed using established bibliometric techniques. The results reveal a strong annual growth rate of 15.34 %, with an exponential increase 

in publications after 2018, reflecting rapidly growing interest in digital and AI-driven agriculture. The United States and China emerge as dominant 

contributors, forming a highly influential collaborative core, while countries such as India and Brazil show increasing research engagement. 
Remote Sensing emerges as the most productive and influential journal in this field. Thematic analysis reveals a clear shift from traditional 

vegetation indices toward advanced non-linear approaches, including Random Forest, deep learning models and UAV. The growing emphasis on 

multi-source data fusion and artificial intelligence reflects the fields’ response to climate variability and the needs of precision agriculture. Overall, 

the integration of satellite observations with machine learning has become central to modern maize yield forecasting. Furthermore, these 
advancements hold strong potential to enhance sustainable farm management, climate resilience and global food security. 
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complex and nonlinear yield-determining processes (7). Such 

complexity poses significant challenges for accurate yield prediction. 

Conventional yield prediction approaches, including empirical 

regression models and mechanistic crop growth models, often 

struggle to adequately represent these complex interactions. These 

models typically rely on simplified assumptions and predefined 

functional relationships, limiting their capacity to process large, high-

dimensional datasets characteristic of modern agricultural systems 

(8). Consequently, they frequently fail to capture the intricate 

interplay among climatic variables, soil properties and crop 

management factors that govern maize biomass accumulation and 

yield formation. 

 In recent years, machine learning (ML) techniques have 
emerged as powerful alternatives for crop yield prediction due to 

their ability to model complex, nonlinear relationships and extract 

meaningful patterns from large, heterogeneous datasets (9). 

Algorithms such as Random Forests, Gradient Boosting Machines, 

Support Vector Machines and Artificial Neural Networks have 

consistently demonstrated superior predictive performance 

compared to traditional approaches by integrating diverse data 

sources, including weather variables, soil attributes and 

management practices (10). Parallel to advances in ML, remote 

sensing technologies have revolutionised agricultural monitoring 

by providing spatially explicit, temporally continuous and non-

destructive observations of crop growth and condition across 

multiple scales. Satellite- and UAV-based remote sensing data, 

including vegetation indices, canopy temperature and biophysical 

parameters, have proven highly effective for capturing crop stress, 

phenological dynamics and yield variability (11, 12). The 

integration of remote sensing with machine learning has therefore 

gained substantial attention as a robust framework for improving 

the accuracy and scalability of maize yield prediction models. 

 Recent bibliometric studies have evaluated remote 

sensing-based crop yield prediction (13–15). However, existing 

literature typically analysed these technologies in isolation or 

applied broad, multi-crop frameworks. Despite the rapid 

expansion of research integrating remote sensing and machine 

learning for maize yield prediction, the specific literature remains 

highly fragmented across diverse methodologies, data sources 

and spatiotemporal scales. To date, no study provides a 

dedicated, quantitative analysis combining these technologies 

specifically for maize over a comprehensive temporal period. 

Accordingly, this study presents a comprehensive bibliometric 

analysis to systematically map research trends, identify influential 

studies and thematic clusters and elucidate the evolution of these 

methodological approaches. This analysis provides critical insights 

to guide future research and support the development of more 

accurate, scalable and data-driven yield forecasting systems. 

 

Methodology 

Bibliometric analysis is a universally adopted approach to 

systematically explore research trends, thematic patterns and 

relationships between authors, institutions and countries, based 

on published scientific literature (16, 17). While various software 

tools such as VOSviewer, CiteSpace, SciMAT and Bibexcel exist for 

such quantitative inquiries, the R-based Biblioshiny interface is 

frequently preferred for its comprehensive functionality, intuitive 

design and seamless integration of analytics (18, 19). Therefore, 

this study utilised the interactive Biblioshiny application for 

detailed performance analysis and science mapping. 

Software used 

The core bibliometric evaluation was executed via Biblioshiny, a 

web-based interface for the Bibliometrix R package (version 5.2.1), 

which directly parsed and managed the raw database records (20). 

To enhance graphical interpretation and aesthetic quality, custom 

visualisations were generated utilising the ggplot2 package 

(version 4.0.0) within the R statistical computing environment 

(version 4.5.1), hosted on the RStudio Integrated Development 

Environment (version 2024.04.01). Microsoft Excel was solely 

utilised as an intermediary tool to format extracted data for the 

custom ggplot2 visualisations. This setup ensured rigorous data 

handling, efficient management and reproducibility.  

Data collection and screening 

Among major academic repositories, the Scopus database was 

selected exclusively for its superior interdisciplinary coverage and 

subject relevance in agricultural and computational sciences. 

Compared to Web of Science, which exhibits high coverage 

overlap but narrower indexing in applied technologies, Scopus 

provides greater citation completeness. Additionally, extracting 

bulk bibliometric metadata from Google Scholar remains 

technically complex and Dimensions is a comparatively emerging 

database with evolving standards  (21-23). To capture the 

intersection of crop science and advanced technology, a specific 

search string was formulated focusing on maize yield estimation 

via remote sensing and artificial intelligence. The exact query 

executed in Scopus was: TITLE (("maize" OR "corn" OR "zea 

mays") AND ("yield" OR "production" OR "productivity") AND 

TITLE-ABS-KEY ("prediction" OR "estimation" OR "forecasting" OR 

"model*") AND (TITLE-ABS-KEY ("Remote sensing" OR "satellite" 

OR "spectral" OR "UAV" OR "Drone") OR TITLE-ABS-KEY ("machine 

learning" OR "deep learning" OR "artificial intelligence"))) AND 

PUBYEAR > 1999 AND PUBYEAR < 2026 AND (LIMIT-TO (DOCTYPE, 

"ar")) AND (LIMIT-TO (PUBSTAGE, "final")) AND (LIMIT-TO 

(LANGUAGE, "English")). 

 The screening process followed the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA) 

statement (24) (Fig. 1). The initial search identified 654 records. 

Using strict inclusion and exclusion criteria to align with the study’s 

objective, articles were filtered by publication year (2000–2025), 

document type (Articles only) and language (English). Although 

machine learning research is often shared through conference 

proceedings, this study limited the document type to peer-

reviewed journal articles to ensure the focus remained on mature, 

rigorously validated methodologies rather than preliminary 

results. Ultimately, 493 articles were included in the final analysis 

and exported in CSV format on January 16, 2026. Since the search 

was limited to a single database (Scopus), inter-database 

duplicates were inherently avoided. Any intra-database duplicates, 

along with the standardisation of author names and the 

harmonisation of institutional affiliations, were automatically 

handled during data import using Biblioshiny’s built-in 

disambiguation algorithms, which specifically use unique Scopus 

Author IDs to accurately distinguish researchers with identical 

names or initials. 

Data analysis 

The final dataset (493 articles) published between 2000 and 2025 

was analysed using Biblioshiny. Key bibliometric indicators were 
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Fig. 1. PRISMA flowchart for bibliometric analysis of maize yield prediction using remote sensing and machine learning.  
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systematically extracted to cover various dimensions, including 

annual scientific production, citation impact, author dominance 

and international collaboration networks. The study examined 

trends in publication volume and geographic distribution to 

identify global leaders contributing to the integration of remote 

sensing and machine learning in maize yield forecasting.  

 The frequency of publications across journals was 
analysed using Bradford’s Law by dividing journals into three 

equal-productivity zones. The observed distribution’s fit was 

evaluated against the theoretical 1:n:n2 ratio using the mean 

Bradford multiplier and percentage error (25, 26). Author 

productivity was analysed using Lotka’s law, with the exponent (n) 

and constant (C) calculated via the least squares method and the 

model’s goodness-of-fit was statistically validated against the 

expected theoretical distribution using the Kolmogorov-Smirnov 

(K-S) test and R² values. Country-level scientific production was 

assessed using a full counting method, where each collaborating 

country receives full credit for multi-authored publications (27). 

Furthermore, thematic maps were generated using harmonised 

Author’s Keywords and Biblioshiny’s default Louvain clustering 

algorithm. Additionally, collaboration networks among authors, 

institutions and countries were evaluated.  

 

Results and Discussion 

Publication overview 

Bibliometric analysis confirmed the growing significance of 

integrating remote sensing and machine learning technologies for 

precise crop monitoring and yield estimation. This study covered 

493 research articles published across 156 sources (journals) 

between 2000 and 2025 (Table 1). Research on maize yield 

prediction using satellite imagery and machine learning 

algorithms has shown rapid expansion, demonstrated by a robust 

annual growth rate of 15.34 %. This surge can also be 

substantiated by the average age of articles (5.42 years), indicating 

the novelty and recent acceleration of this domain. On average, 

each article received 39.58 citations, with 19512 total citations, 

corresponding to about 5.40 citations per year, highlighting the 

critical impact and rising academic interest in precision agriculture 

technologies. In addition, 1894 authors have published their 

research articles on maize yield prediction using these advanced 

tools. It is important to note that there were 5.58 co-authors per 

article and approximately 0.26 articles per author. The analysis 

appears to substantiate the collaborative nature of the scientific 

community, as 34.48 % of the papers involved international 

cooperation. The published research works were reported to have 

3612 references cited, supporting the reliance on and contribution 

to the existing scholarly literature. 

Annual scientific production and citation 

Annual scientific production refers to the volume and impact of 
scholarly work produced within a specific year, as measured by the 

number of published papers and citations. Analysis from 2000 to 

2025 revealed a consistent rise in research publications, with a 

dramatic rise observed from 2019 onwards, peaking in 2024 and 

Table 1. Publication overview of research on maize yield prediction using remote sensing and machine learning  

Table 2. Annual scientific production and citation trends in maize yield prediction using remote sensing and machine learning  

Description Results Description Results 
Main information about the data Authors collaboration 
Timespan 2000:2025 Authors 1894 
Sources 156 Author appearances 2751 
Articles 493 Single-authored article 8 
Annual growth rate % 15.34 Articles per author 0.26 
Article average age 5.42 Co-authors per article 5.58 
Total citations 19512 International co-authorships % 34.48 
Average citations per article 39.58 Authors keywords 1279 
Average citations per year per article 5.40     
Total references cited 3612     

Year No. of articles Total citations Mean total citations per article Citable years Mean total citations per year 
2000 0 0 0 27 - 
2001 0 0 0 26 - 
2002 3 272 90.67 25 3.63 
2003 1 7 7.00 24 0.29 
2004 2 74 37.00 23 1.61 
2005 4 496 124.00 22 5.64 
2006 0 0 - 21 - 
2007 3 159 53.00 20 2.65 
2008 4 527 131.75 19 6.93 
2009 4 406 101.50 18 5.64 
2010 7 533 76.14 17 4.48 
2011 11 882 80.18 16 5.01 
2012 6 468 78.00 15 5.20 
2013 5 713 142.60 14 10.19 
2014 11 1370 124.55 13 9.58 
2015 3 294 98.00 12 8.17 
2016 13 1122 86.31 11 7.85 
2017 11 550 50.00 10 5.00 
2018 16 1047 65.44 9 7.27 
2019 25 1527 61.08 8 7.64 
2020 44 3003 68.25 7 9.75 
2021 48 2559 53.31 6 8.88 
2022 47 1026 21.83 5 4.37 
2023 66 1358 20.58 4 5.14 
2024 79 927 11.73 3 3.91 
2025 80 192 2.40 2 1.20 

Total 493 19512 39.58     
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2025 (Fig. 2). Citation trends generally paralleled publication 

growth, though distinct spikes in citation impact were observed 

around 2013 and 2020. The 2013 peak, which recorded the highest 

mean total citations (142.60 citations/article) and mean citations 

per year (10.19) (Table 2), aligns with foundational studies that 

successfully assimilated remotely sensed vegetation and soil 

moisture data into crop simulation models, alongside critical 

research modelling soil-water dynamics and crop yield under 

varying management practices (28, 29). Conversely, the highest 

total citation count recorded in 2020 (3003 citations) (Table 2) 

corresponds to a major methodological transition toward 

advanced artificial intelligence in precision agriculture. This period 

was marked by highly cited publications introducing deep learning 

approaches for conflating heterogeneous geospatial data, the 

application of machine learning ensembles for yield forecasting 

and the integration of UAV-based spectral indices with Random 

Forest algorithms (30–32). Furthermore, research in 2020 

significantly advanced predictive accuracy by assessing the 

combined influence of soil moisture and atmospheric evaporative 

demand and providing comparative assessments of 

environmental variables and machine learning algorithms at 

regional scales (33, 34). There was a pronounced exponential 

increase in publication volume from 2019 to 2025, reflecting the 

rapid adoption and increasing relevance of remote sensing and 

machine learning algorithms in maize yield prediction. In 2025, the 

number of publications reached its peak with 80 articles, closely 

followed by 79 articles in 2024 and 66 in 2023. These recent peaks 

substantiate the rapid advancements in computational power, the 

open availability of high-resolution satellite data and the 

heightened global focus on precision agriculture and AI-driven 

sustainability. 

Publication and impact metrics analysis of the top 10 
journals 

The analysis of journal performance revealed substantial 

variations in impact and citation metrics across these publishing 

venues (Table 3). A total of 156 sources have contributed to 

research works related to maize yield prediction using remote 

sensing and machine learning. Remote Sensing emerged as the 

indisputable leading journal with an H-index of 27, a G-index of 46 

and 2216 citations across 60 published papers, demonstrating its 

sustained and significant academic influence. Computers and 

Electronics in Agriculture followed with an H-index of 19, a G-index 

of 32 and 1717 citations, further reflecting its pivotal role in the 

intersection of agriculture and technology. Notably, Remote 

Sensing of Environment (H-index: 15, G-index: 15) recorded the 

highest total citation count (2690) despite having fewer published 

articles (15), indicating an exceptionally high impact per paper. 

Agricultural and Forest Meteorology (H-index: 13, G-index: 18) also 

evinced strong scholarly influence with 1132 citations, highlighting 

 

Fig. 2. Annual scientific production of articles and total citations per year related to maize yield prediction using remote sensing and machine 
learning.  

Table 3. Publication and impact metrics of the top 10 journals  

Source H index G index M index TC NP PY start 
Remote sensing 27 46 1.929 2216 60 2013 
Computers and electronics in agriculture 19 32 0.864 1717 32 2005 
Remote sensing of environment 15 15 0.882 2690 15 2010 
Agricultural and forest meteorology 13 18 0.591 1132 18 2005 
Agronomy 11 16 1.375 265 18 2019 
Field crops research 11 17 0.733 615 17 2012 
Agricultural water management 10 18 0.667 597 18 2012 
International journal of applied earth observation and geoinformation 9 10 0.6 566 10 2012 
Agriculture (Switzerland) 8 14 1 411 14 2019 
Precision agriculture 8 10 0.4 349 10 2007 

*TC - Total Citations; NP- Number of articles; PY start- Publication year started from.  
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its steady contribution to the field. Agronomy (H-index: 11, G-index: 

16) demonstrated rapid recent growth, as evidenced by a high              

M-index of 1.375, indicating strong potential for future impacts in 

yield prediction research. Additionally, journals such as the 

International Journal of Applied Earth Observation and 

Geoinformation and Agriculture showed lower H-indices (9 and 8) 

and fewer total citations (566 and 411, respectively), yet they 

continue to provide valuable specialised contributions. This 

dataset highlights the varying levels of impact within the field, 

ranging from high-volume, high-impact leaders to specialised 

sources focusing on specific technological applications. 

Journal contributions based on Bradford’s law 

Bradford’s Law was applied to identify the core journals 

contributing to maize yield prediction utilising remote sensing and 

machine learning. This law categorised the identified 156 journals 

into three distinct zones based on their scholarly output (Table 4). 

Zone 1 consisted of 6 journals with 163 articles (33.06 %). The top 

six journals viz. Remote Sensing, Computers and Electronics in 

Agriculture, Agricultural and Forest Meteorology, Agricultural 

Water Management, Agronomy and Field Crops Research, were 

pivotal to the field, making substantial contributions to the body of 

research (Fig. 3). Zone 2 with 20 journals contributed 170 articles 

(34.48 % of the total publications), while Zone 3 consisted of 130 

journals with 160 articles (32.45 %). Although Zone 3 journals are 

numerous, they each contributed fewer articles, representing 

more peripheral or highly specialised sources within the field.  

 To test the applicability of Bradford’s distribution, the 
mean Bradford multiplier (n) was calculated as 4.917, derived from 

the individual zone transition multipliers of 3.333 and 6.500. 

Applying the theoretical 1:n:n2 relationship, the expected number 

of journals across the three zones was projected as 6, 29.50 and 

145.04, respectively. This resulted in a total expected count of 

180.54 journals with a percentage error of 15.73 % when 

compared to the observed 156 journals. This deviation from the 

ideal Bradford ratio suggests that in a highly interdisciplinary 

domain like ML-based yield estimation, the literature is scattered 

more broadly and the core journal concentration is more diffuse 

than in traditional, narrower disciplines. This distribution 

demonstrated how a small group of core journals (Zone 1) could 

significantly shape the direction of research in ML-based yield 

estimation, whereas other journals in Zones 2 and 3 contributed to 

a broader, yet less concentrated, impact. Using Bradford’s Law, 

researchers can focus on the most influential journals, providing a 

roadmap for future academic exploration.  

Journal publication trends over time on maize yield 

prediction using remote sensing and machine learning 

The production trends of the top five journals related to Maize yield 

prediction using remote sensing and machine learning over time 

revealed a steady increase in article output across all journals               

(Fig. 4). Remote Sensing started with no publications related to 

maize yield prediction using this technology from 2002 to 2012 and 

has shown exponential growth, reaching 60 articles by 2025. This 

increase reflects the growing importance of satellite-based 

monitoring and spectral analysis in agricultural research, 

particularly where high-resolution imagery plays a critical role in 

crop yield prediction. Computers and Electronics in Agriculture 

also demonstrated a consistent growth, starting with 1 article in 

2005 and reaching 32 by 2025, signifying the role of integrating 

advanced computational algorithms and sensor technologies for 

precision farming. Agricultural and Forest Meteorology initiated 

publishing research related to this domain in 2005 and increased 

its output from 1 article to 18 by 2025, reflecting the continued 

academic interest in agrometeorology and its integration with 

predictive models for yield forecasting. Similarly, Agricultural 

Water Management and Agronomy demonstrated upward trends 

in publications, with Agricultural Water Management growing from 

1 article in 2012 to 18 in 2025 and Agronomy showing rapid 

adoption to reach 18 articles by 2025. These journals, particularly 

when linked with machine learning, focus on crop productivity, 

resource optimisation and environmental factors, all crucial for 

improving maize yields. The growing publication output across 

these journals confirmed the increasing academic focus on 

agricultural sciences, with artificial intelligence serving as a critical 

tool for improving crop yield predictions and sustainability in 

agricultural practices. This overall growth underscored the 

growing importance of these journals in advancing agricultural 

research, particularly in addressing global challenges related to 

maize production and the optimisation of agricultural practices 

through advanced technological interventions. 

Publication and impact metrics of the top 10 authors 

Table 5 presents the publication and impact metrics of the top 10 

authors who have published in Maize yield prediction using 

Table 4. Journal contribution zones based on Bradford’s law 

Zone No. of journals (observed) No. of journals (expected*) No. of documents Percentage 
Zone 1 6 6.00 163 33.06 
Zone 2 20 29.50 170 34.48 
Zone 3 130 145.04 160 32.45 
Total 156 180.54 493 100.00 

*Expected journals calculated based on 1:n:n2 with mean multiplier(n = 4.917).  

Table 5. Publication and impact metrics of the top 10 authors 

Author Articles H index G index M index Total citations PY start 
Zhang Z 13 10 13 0.667 741 2012 
Li Y 14 9 14 0.600 503 2012 
Zhang X 14 9 14 1.286 335 2020 
Anderson M 9 8 9 0.444 685 2009 
Archontoulis SV 8 7 8 0.636 958 2016 
Chen S 9 7 9 1.167 113 2021 
Guan K 7 7 7 0.778 528 2018 
Hoogenboom G 7 7 7 0.368 626 2008 
Li X 9 7 9 0.500 191 2013 
Lobell DB 7 7 7 0.538 761 2014 

PY start- Publication year started from. 
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Fig. 3. Core sources identified by Bradfords’ law for maize yield prediction research. 

Fig. 4. Journal publication trends over time.  
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remote sensing and machine learning. Zhang Z appears as a 

leading author, with 13 articles, an H-index of 10 and 741 citations, 

reflecting his significant influence in the field. Li Y and Zhang X 

follow with the highest number of articles (14 each), with Li Y 

recording an H-index of 9 and 503 citations. Zhang X evinced a 

rapid recent growth, demonstrated by a high M-index of 1.286, 

despite a moderate citation count of 335. Archontoulis SV 

recorded the highest total citations (958) from only 8 articles, while 

Lobell DB achieved 761 citations from 7 papers. Anderson M (9 

articles, H-index: 8) and Hoogenboom G (7 articles, H-index: 7) 

maintained significant scholarly influence with 685 and 626 

citations, respectively. Chen S (9 articles) demonstrated emerging 

potential with a high M-index of 1.167. Overall, these authors 

demonstrated varying levels of contribution, with Zhang Z leading 

in H-index and Archontoulis SV dominating citation metrics, 

underscoring the critical role of these researchers in advancing AI 

and satellite-based maize yield prediction. 

Author productivity through Lotka’s law 

Lotka’s law posits that a limited proportion of authors are 

responsible for many publications, whereas most authors produce 

only a small number of publications (23, 35). The findings 

confirmed that a significant portion of authors (77.3 %) 

contributed only one document, reflecting the "long tail" 

distribution where many authors were less productive. Also, fewer 

authors made more substantial contributions, with 13.1 % 

contributing two documents, 5.1 % contributing three documents 

and even fewer authors contributing more, such as two authors 

producing 14 documents each. Lotka’s distribution was 

mathematically quantified and statistically validated. Using the 

least squares method, the specific exponent parameter (n) for this 

dataset was calculated as 2.7971, with a constant (C) of 0.8051. The 

regression line demonstrated a strong overall correlation                             

(R² = 0.9608), visually supporting the general inverse-square 

pattern depicted by the dashed theoretical line in Fig. 5. However, 

a Kolmogorov-Smirnov (K-S) goodness-of-fit test indicates the 

data does not strictly conform to Lotka’s idealised distribution, as 

the maximum deviation (0.03165) slightly exceeds the critical value 

(0.03125 for p = 0.05, n = 1,894). Despite exhibiting a highly skewed 

distribution, author productivity in this domain deviates 

marginally from Lotka’s exact theoretical model (Table 6). 

Authors' production over time 

Fig. 6a offers a clear overview of the evolution of authors’ 
productivity and citation impact, highlighting major contributors 

and trends in maize yield prediction research using remote sensing 

and machine learning. The size of each bubble corresponds to the 

number of articles published by an author per year, with larger 

bubbles reflecting greater research output. Authors like Anderson 

M and Li Y demonstrated consistent research publication output 

over extended periods, revealing their sustained engagement in 

the field since 2009 and 2012, respectively. The colour intensity of 

each bubble reflects citation counts, with darker shades indicating 

higher impact. For example, Zhang Zs’ work in 2021 recorded 

substantial citations (396 citations), driven primarily by highly cited 

research integrating satellite-derived climatic indices to predict 

smallholder maize yield using deep learning and Bayesian neural 

network approaches (36, 37). Similarly, Wang Ss’ contributions in 

2020 achieved 326 citations, primarily associated with a widely 

cited deep learning approach for conflating heterogeneous 

geospatial data and the application of modified vegetation indices 

via UAVs (30, 38).  

 The horizontal lines depict each authors’ research timeline, 

where longer lines indicate sustained contributions, such as 

Anderson M, whose work extends over more than 15 years. In 

contrast, authors like Zhang X and Chen S show shorter, highly 

concentrated timelines starting around 2020. The bubble 

distribution also reveals differences in publication patterns. Some 

authors, such as Wang Y, recorded a sharp rise in productivity with 

six publications in 2025, whereas others, like Li Y, maintained a 

steady output initially before substantially accelerating their 

publication rate in recent years. 

Most relevant institutions and publication trends over time 

Table 7 presents the top 10 institutions contributing to research on 
maize yield prediction using remote sensing and machine 

Table 6. Author productivity through Lotka’s law 

Documents written No. of authors Per cent of authors 
1 1465 77.3 
2 249 13.1 
3 97 5.1 
4 29 1.5 
5 18 1 
6 8 0.4 
7 10 0.5 
8 7 0.4 
9 6 0.3 

10 1 0.1 
12 1 0.1 
13 1 0.1 
14 2 0.1 

Table 7. Top 10 most relevant institutions 

Institution Country Articles 
University of Illinois Urbana-Champaign USA 29 
China Agricultural University China 25 
University of Wisconsin-Madison USA 23 
University of Chinese Academy of Sciences China 22 
Beijing Normal University China 21 
Northwest A&F University China 21 
Institute of Geographic Sciences and Natural Resources Research China 18 
University of Nebraska-Lincoln USA 18 
Michigan State University USA 16 
Cornell University USA 14 

https://plantsciencetoday.online


9 

Plant Science Today, ISSN 2348-1900 (online) 

learning. Institutional publication counts were calculated using a 

full counting method, where each affiliated institution receives one 

full credit for a co-authored article. The University of Illinois Urbana

-Champaign, USA, ranks first with 29 publications, highlighting its 

strong role in combining advanced computational approaches 

with agricultural research, followed closely by China Agricultural 

University, China, with 25 articles. Both institutions play a key role 

in advancing the application of AI in crop science. The University of 

Wisconsin-Madison, USA (23 articles) and the University of the 

Chinese Academy of Sciences, China (22 articles) also make 

substantial contributions, reflecting their focus on satellite-based 

data analysis. Beijing Normal University, China and Northwest A&F 

University, China, each with 21 publications, further illustrate 

Chinas’ growing prominence in this research area. The Institute of 

Geographic Sciences and Natural Resources Research, China and 

the University of Nebraska-Lincoln, USA (18 articles each), 

emphasise the global expansion of precision agriculture research. 

Michigan State University, USA (16 articles) and Cornell University, 

USA (14 articles) continue to provide influential contributions from 

leading U.S. agricultural research institutions. It should be noted 

that these metrics represent absolute productivity and are not 

normalised for institution size, faculty count, or research funding, 

which naturally advantages larger research universities. 

Furthermore, the top 10 most productive institutions are 

exclusively located in just 2 countries, comprising 5 institutions 

from the United States and 5 from China. 

 

 Fig. 6b illustrates the publication trends of key institutions 

in maize yield prediction research using remote sensing and 

machine learning over time. The University of Illinois Urbana-

Champaign demonstrated the most dramatic growth; after having 

a negligible output before 2018, it experienced a rapid increase, 

reaching 29 articles by 2025. This steep trajectory aligns with the 

global boom in AI applications in agriculture. China Agricultural 

University showed a similar pattern of rapid acceleration, starting 

with minimal activity before 2020 and surging to 25 articles by 

2025. The University of Chinese Academy of Sciences displayed a 

steadier, early engagement, growing consistently from 2010 

before accelerating alongside the others in recent years. Beijing 

Normal University showed limited publication activity until 2019, 

followed by a rapid increase that reached 21 articles by 2025. A 

similar pattern is evident at the University of Wisconsin-Madison, 

where a marked rise in research output has been observed since 

2020. These patterns highlight the dynamic evolution of 

agricultural research, with leading institutions substantially 

expanding their efforts in remote sensing and machine learning 

over the past 5 years. 

 

Fig. 5. Author productivity analysis based on Lotka’s law. 

Fig. 6. Authors and affiliations production over time: a. Authors' production over time, b. Affiliations production over time.  
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Countries' scientific production and publication trends over 

time 

The global contribution to maize yield prediction research using 

remote sensing and machine learning reflects a concentrated yet 

expanding interest across various regions (Fig. 7a). To accurately 

reflect the collaborative weight of each nation, scientific production 

was evaluated using a full counting method based on all author 

affiliations, meaning a single article contributes multiple times to a 

countrys’ total if co-authored by several researchers from that 

nation. Consequently, the USA leads the field with 538 occurrences, 

as shown in Table 8, demonstrating sustained leadership and early 

adoption of precision agricultural technologies. China, with 452 

occurrences, follows closely, reflecting its massive investment in 

agricultural modernisation and artificial intelligence, particularly 

accelerating after 2015. Notably, a distinct duopoly exists in this 

domain, as the output from these two nations far exceeds that of 

others. India has emerged as a key player in the developing world, 

increasing its output from negligible numbers in the early years to 55 

occurrences by 2025, highlighting the country's growing focus on 

digital agriculture. France (52 occurrences) and Brazil (51 

occurrences) have also made considerable contributions, with 

Brazils’ research underscoring the importance of maize production 

in South American economies. Other countries like Germany (46 

occurrences), Canada (34 occurrences) and Iran (25 occurrences) 

have made significant contributions, enhancing global knowledge 

on yield prediction models. 

 Fig. 7b presents the publication trends from 2002 to 2025, 

revealing a dramatic surge in output. The USA exhibited a consistent 

upward trajectory, growing from eight in 2002 to 538 occurrences in 

2025, with a sharp acceleration observed post-2018. China 

experienced an explosive exponential growth pattern; while it had 

only 10 occurrences in 2010, its output skyrocketed to 452 by 2025, 

nearly closing the gap with the USA. India, France and Brazil showed 

a different pattern, characterised by latent interest followed by rapid 

recent emergence; for instance, Indias’ production jumped from 

near zero before 2017 to 55 occurrences by 2025. These trends reflect 

a global shift where advanced computational tools are increasingly 

being democratised and adopted beyond the traditional research 

hubs of the West. 

Collaborative pattern of the corresponding authors’ countries 

The global landscape of maize yield prediction research using 

remote sensing and machine learning is dominated by the United 

States, which contributed 148 publications (30 %). Its output is 

largely driven by single-country publications (SCPs), accounting for 

105 articles, while multiple-country publications (MCPs) comprise 43 

articles, indicating relatively limited international collaboration. 

China ranks a close second with 136 articles (27.6%) and 

demonstrates a stronger collaborative orientation, with MCPs 

representing 33.1 % of its output, reflecting its increasing integration 

into international research networks. Brazil (16 articles) and France 

(14 articles) occupy intermediate positions, exhibiting moderate levels 

of international collaboration with MCP shares of 31.3 % and 28.6 %, 

respectively. India (12 articles), in contrast, shows a pronounced 

domestic focus, with 11 SCPs and only one MCP (8.3 %), highlighting 

substantially lower international engagement compared to leading 

contributors such as the USA and China. Germany presents a more 

balanced collaboration pattern, with half of its publications produced 

through international partnerships. Even more strikingly, the United 

Kingdom, Pakistan, Nigeria and Japan record 100 % MCP rates, 

indicating that their contributions to this research area are entirely 

reliant on global collaborations. Similarly, South Africa (60 % MCP) and 

Mexico (57.1 % MCP) demonstrate strong cross-border research 

engagement, underscoring the growing importance of international 

cooperation in advancing maize yield forecasting research worldwide 

(Fig. 7c). 

Citation profile of top countries 

Table 9 reveals the citation profiles of the top countries in maize 

yield prediction research via remote sensing and machine 

learning, ranked according to the total global citations their 

affiliated publications have accumulated from the time of 

publication up to the date of data retrieval. The USA dominates 

with 7894 total citations and an average of 53.30 per article, 

highlighting its lasting academic prominence. China ranks second 

at 3880 citations and 28.50 per article, yet the lower average points 

to a priority on output quantity rather than individual paper 

impact. Canada distinguishes itself by recording the highest 

average impact, with 97.80 citations per article, despite a relatively 

modest total citation count of 880. This indicates that, although its 

publication volume is limited, Canadian research in this area exerts 

a disproportionately strong influence, likely driven by highly 

specialised or niche expertise. Spain (68.20 average) and Italy 

(60.80) also shine among European contributors, while Mexico 

(57.40) and France (49.90) exhibit strong per-article impact from 

focused work. Brazil (32.60) and Iran (30.20) offer steady, moderate 

contributions. Overall, the USA dominates in volume and totals, 

but nations like Canada and Spain prove that high impact stems 

from quality over quantity. 

Global citation analysis of top papers related to maize yield 
estimation 

The top 10 most globally cited papers on maize yield prediction 

have shifted significantly from traditional crop simulation                       

(e.g., DSSAT standalone studies) toward the integration of Remote 

Sensing and Machine Learning technologies (Table 10). Johnsons’ 

publication in Remote Sensing of Environment leads in total 

citations (387 citations) and sets a benchmark for regional-scale 

yield forecasting using pre-season and in-season satellite 

observations (39). The study is particularly influential because it 

demonstrated that remotely sensed indicators such as the 

normalised difference vegetation index (NDVI) and land surface 

temperature (LST) can effectively substitute for, or complement, 

conventional ground-based agronomic data in crop yield 

prediction. Following closely is Ines et al. (Remote Sensing of 

Environment) with 362 citations, which remains a cornerstone 

study for assimilating satellite data into crop growth models to 

correct simulation errors and enhance spatial scalability (28). 

 A notable emergence in the field is Shahhosseini et al. 

(Scientific Reports), which, despite its recent publication, has 

Table 8. Top 10 most relevant countries 

Country Occurrences 
USA 538 
China 452 
India 55 
France 52 
Brazil 51 
Germany 46 
Canada 34 
Iran 25 
Australia 23 
South Africa 23 
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 Table 9. Citation profile of top countries  

Country Total citations Average article citations 

USA 7894 53.30 
China 3880 28.50 
Canada 880 97.80 
France 699 49.90 
Brazil 521 32.60 
Mexico 402 57.40 
Span 341 68.20 
Italy 243 60.80 
Iran 242 30.20 
Germany 232 23.20 

Table 10. Citation profile of key documents on maize yield prediction 

Paper Journal DOI 
Total 

citations 
Citations 
per year 

Normalised 
total 

citations 
Johnson (2013) (39) Remote Sensing of Environment 10.1016/j.rse.2013.10.027 387 29.77 3.11 
Ines et al. (2013) (28) Remote Sensing of Environment 10.1016/j.rse.2013.07.018 362 25.86 2.54 
Shahhosseini et al. (2021) (40) Scientific Reports 10.1038/s41598-020-80820-1 334 55.67 6.26 
Jin et al. (2019) (41) Remote Sensing of Environment 10.1016/j.rse.2019.04.016 329 41.13 5.39 
Geipel et al. (2014) (44) Remote Sensing 10.3390/rs61110335 297 22.85 2.38 
Khanal et al. (2018) (42) Computers and Electronics in Agriculture 10.1016/j.compag.2018.07.016 285 31.67 4.36 
Battude et al. (2016) (45) Remote Sensing of Environment 10.1016/j.rse.2016.07.030 272 24.73 3.15 
Ramos et al. (2020) (32) Computers and Electronics in Agriculture 10.1016/j.compag.2020.105791 230 32.86 3.37 
Ma et al. (2021) (37) Remote Sensing of Environment 10.1016/j.rse.2021.112408 218 36.33 4.09 
Uno et al. (2005) (46) Computers and Electronics in Agriculture 10.1016/j.compag.2004.11.014 211 9.59 1.70 

Fig. 7. Global scientific production and collaboration patterns [Generated by using Biblioshiny (Bibliometrix package, R software), default map 
options]: a. Country scientific production map; b. Countries' production over time; c. Collaborative pattern of the corresponding authors’ 
countries.  
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accrued 334 citations with an exceptional annual citation rate of 

55.67 (40). This highlights the explosive academic interest in 

ensemble machine learning models and their ability to outperform 

traditional regression or simulation approaches in yield 

forecasting. Similarly, Jin et al. (Remote Sensing of Environment) 

obtained 329 citations, emphasising the fusion of optical and radar 

data for smallholder yield mapping, a critical advancement for 

data-scarce regions (41). Other key works, such as Ramos et al. and 

Khanal et al. in Computers and Electronics in Agriculture, focus on 

the computational aspects of precision agriculture, demonstrating 

the efficacy of algorithms like Random Forest and Deep Learning in 

processing high-resolution UAV and satellite imagery (32, 42). 

Collectively, these highly cited documents reflect a paradigm shift 

in maize yield prediction from purely mechanistic models to data-

driven, interdisciplinary approaches that leverage the synergy of 

satellite observation and artificial intelligence to address global 

food security challenges. 

Reference publication year spectroscopy (RPYS) 

Reference publication year spectroscopy (RPYS) is an analytical 
method employed to identify the historical origins and major 

discoveries within research fields, offering a timeline of significant 

developments (22, 43). The analysis of the cited references over 

time, as depicted in Fig. 8, reveals distinct evolutionary trends in 

maize yield prediction research using remote sensing and machine 

learning, aligning with the exponential growth of the field. The blue 

line in the figure represents the number of cited references per 

year, showing a relatively flat baseline until the late 1990s, followed 

by a sharp, consistent ascent starting around 2000. This initial rise 

coincides with the early adoption of precision agriculture and the 

increasing availability of satellite imagery. A dramatic surge is 

observed from 2010 onwards, peaking significantly between 2019 

and 2020, where cited references reached their peak (328 and 323, 

respectively). This trend quantitatively reflects a period of intense 

innovation and an expanding volume of foundational literature at 

the 

intersection of computational techniques and agriculture. 

 The red line, representing the deviation from the 5-year 

median, highlights specific years where seminal works were 

published that significantly influenced subsequent research. This   

5-year window is a standard parameter in RPYS utilised to smooth 

short-term annual fluctuations while retaining optimal sensitivity 

for detecting distinct seminal publication years. Notable positive 

deviations were recorded in 2001 (deviation 61) and 2011 

(deviation 64), likely marking foundational studies in remote 

sensing methodologies. A remarkable spike occurred in 2013 

(deviation 96), which corresponds to key papers on data 

assimilation that bridged the gap between crop models and 

satellite data. The sustained high deviations in 2018–2020 indicate 

that recent research is heavily building upon very contemporary 

studies, characterising a fast-moving, cutting-edge scientific front. 

The sharp decline after 2021 is a typical bibliometric artefact, as 

papers published in the most recent years have not yet 

accumulated sufficient historical citations to appear as base 

papers in this analysis. 

Authors' keywords and keywords production over time 

Fig. 9a presents a word cloud illustrating the most frequently 
occurring keywords in the bibliometric analysis of maize yield 

prediction research employing remote sensing and machine 

learning, where the relative size of each term reflects its frequency 

in the literature. The most prominent keywords are machine 

learning (95 occurrences) and remote sensing (91 occurrences), 

highlighting the strong emphasis on combining computational 

intelligence with Earth observation data. Other commonly 

recurring terms include maize (81 occurrences) and yield 

prediction (58 occurrences), underscoring the central thematic 

focus of the analysed studies. In contrast to earlier studies that 

were largely centred on crop simulation frameworks such as 

DSSAT, the current research landscape is increasingly dominated 

by 

 

Fig. 8. Reference publication year spectroscopy (RPYS)  
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algorithm-driven terminology. Keywords such as random forest 

(26 occurrences) and deep learning (16 occurrences) now occupy a 

central position, reflecting the growing reliance on advanced 

machine learning techniques. At the same time, vegetation indices 

(24 occurrences) and NDVI (19 occurrences) continue to serve as core 

inputs, underscoring their enduring importance as foundational 

predictors within these models. The increasing appearance of terms 

like UAV (13 occurrences) and Sentinel-2 (15 occurrences) further 

points to a transition toward high-resolution, multi-platform data 

sources. Collectively, these keywords illustrate a multidisciplinary 

convergence of agronomy and data science, aimed at enhancing 

yield prediction accuracy through sophisticated computational 

approaches. 

 Analysis of keyword production over time reinforces this 

methodological transition. While fundamental terms such as Maize 

and Remote Sensing have remained consistently prominent, a clear 

paradigm shift is evident in the techniques employed. The heatmap 

depicts a sharp rise in artificial intelligence-related keywords from 

2019 onward (Fig. 9b). Notably, Machine Learning experienced an 

exponential increase, growing from marginal representation in the 

early 2000s to more than 120 publications in 2025 alone. Similarly, 

deep learning and UAVs evolved from nascent concepts to 

dominant research themes over the past five years. The heatmap 

highlights the rapid uptake of specific machine learning algorithms, 

notably Random Forest and XGBoost, particularly during the                     

2022–2025 period. For instance, publications featuring Random 

Forest surged from just 4 in 2020 to 32 by 2025. Overall, this temporal 

evolution reflects a highly dynamic research field characterised by a 

shift from the basic identification of vegetation indices, which 

reached 47 publications in 2025, toward the development of 

complex non-linear models capable of handling large spatiotemporal 

datasets. This trend is further evidenced by the growth of research 

categorised under precision agriculture, a keyword that concurrently 

grew from 9 to 34 publications between 2020 and 2025. 

Thematic maps 

The thematic map provides a quantitative snapshot of the 

conceptual structure of maize yield prediction research (Fig. 9c). 

Theme clusters were generated using the Louvain clustering 

algorithm (parameters: n = 250, minimum frequency = 2, 

community repulsion = 0.5) and plotted according to Callon 

Centrality (relevance degree) and Callon Density (development 

degree). The ‘maize yield’ cluster (Centrality = 1.406,                                 

Density = 43.655), along with remote sensing and crop simulation 

models, falls within the Basic Themes quadrant, indicating they 

are fundamental and widely connected across the field. Likewise, 

the ‘vegetation indices’ cluster (Centrality = 1.247) appears as a 

core building block, reaffirming the continued importance of 

spectral information. The Motor Themes, characterised by high 

relevance and strong development, are led by the ‘machine 

learning’ cluster (Centrality = 1.185, Density = 44.380), 

encompassing UAV and precision agriculture, which represent the 

mature, integrated driving forces of the field. In contrast, highly 

developed Niche Themes such as the ‘yield prediction’ (Density = 

50.952) and ‘random forest’ (Density = 44.723) clusters, which 

include deep learning, CNN and XGBoost, represent 

 

Fig. 9. Keyword and thematic analysis of maize yield prediction research: a. Word cloud of most frequent keywords; b. Trend topics and 
keyword production over time (heatmap); c. Thematic map of research themes based on density and centrality.  
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methodologically advanced approaches explored as specialised 

techniques rather than fully integrated components. The emerging 

or declining quadrant includes the s’entinel-2’ cluster (Centrality = 

0.893, Density = 39.494). Furthermore, knowledge diffusion across 

the network was quantified using betweenness centrality. ‘Machine 

learning’ (Betweenness = 5394.19) and ‘maize’ (Betweenness = 

5050.57) exhibited the highest betweenness values, empirically 

confirming their roles as primary central conduits for bridging and 

transferring methodological knowledge across distinct agronomic 

and computational sub-domains. 

Collaboration among authors, institutions and countries 

Fig. 10a depicts the author collaboration network, where impacts 

represent individual researchers and connecting edges indicate       

co-authorship relationships. Prominent authors such as Zhang X, 

Wang H and Li Y appear as large, highly connected associates, 

highlighting their roles as key intellectual hubs that enable 

substantial knowledge exchange within the field. The presence of 

distinct colour-coded clusters points to closely knit collaborative 

groups, often aligned by shared institutions or thematic 

specialisations such as deep learning and satellite data integration. 

Stronger and thicker links, for example, between Zhang Z and              

Ma Y, denote frequent and influential research collaborations. 

Overall, the network reflects a shift from earlier dominance by 

individual crop modellers to a more distributed, data-driven 

collaborative structure in agronomic research. 

 Fig. 10b illustrates the institutional collaboration network, 

in which the University of Illinois Urbana-Champaign stands out as 

the most central and highly connected institution, emphasising its 

leading role in bridging computational science and agriculture. 

Strong collaborative ties with major Chinese institutions, including 

China Agricultural University and Beijing Normal University, 

underscore the importance of transnational partnerships in 

advancing this research area. Additional clusters centred on the 

University of Wisconsin-Madison and the University of Chinese 

Academy of Sciences represent specialised research groups 

focusing on remote sensing. Collectively, these institutions 

function as key conduits for global knowledge exchange in AI-

based maize yield prediction. 

 Fig. 10c-10d presents the country-level collaboration 
network, revealing a pronounced dual dominance of the USA and 

China. The exceptionally thick link between these two countries 

indicates a strong exchange of methodologies and technologies, 

surpassing other international collaborations. Brazil emerges as a 

distinct cluster, reflecting its position as a major maize producer, 

developing region-specific remote sensing applications. Countries 

such as India, Germany and Australia also appear as important 

contributors, particularly in adapting and validating global models 

under local agro-climatic conditions. The dense web of 

connections highlights a coordinated global effort to enhance food 

security, with innovations originating in the USA and China 

increasingly diffused and applied across agricultural systems 

worldwide.  

 

Conclusion  

This bibliometric analysis provides a comprehensive overview of 

maize yield prediction using remote sensing and machine 

learning. Uniquely, this study quantifies the structural evolution 

and knowledge diffusion within this interdisciplinary domain, 

demonstrating exactly how foundational remote sensing concepts 

have integrated with advanced computational algorithms over the 

past two decades. The analysis revealed a rapid expansion in both 

the volume and impact of publications from 2000 to 2025, 

reflecting the growing global relevance of these combined 

Fig. 10. Global collaboration networks and geographic mapping [Generated by using Biblioshiny (Bibliometrix package, R software), default 
map options]: a. Authors' collaboration network; b. Institutions’ collaboration network; c. Countrys’ collaboration network; d. Countrys’ 

collaboration map.  
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technologies. The collaborative nature of the field is demonstrated 

by research output dominated by leading nations such as the USA 

and China, alongside rising contributions from India and Brazil. 

Furthermore, the thematic mapping identified a distinct paradigm 

shift as conventional vegetation indices were functioning as basic 

building blocks for highly developed, data-driven approaches like 

random forest and deep learning. This underscores a targeted 

research shift towards high-resolution and hybrid modelling 

frameworks designed to capture complex crop dynamics. Thus, 

the synergy of remote sensing and machine learning remains a 

cornerstone for modern precision agriculture. Future research 

should focus on improving model interpretability and integrating 

multi-source data to enhance predictive performance, thereby 

contributing to global food security and sustainable agricultural 

management.    
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