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Abstract

:

In this work, an exhaustive revision is given of the literature associated with advanced information and communication technologies in agriculture within a window of 25 years using bibliometric tools enabled to detect of the main actors, structure, and dynamics in the scientific papers. The main findings are a trend of growth in the dynamics of publications associated with advanced information and communication technologies in agriculture productivity. Another assertion is that countries, like the USA, China, and Brazil, stand out in many publications due to allocating more resources to research, development, and agricultural productivity. In addition, the collaboration networks between countries are frequently in regions with closer cultural and idiomatic ties; additionally, terms’ occurrence are obtained with Louvain algorithm predominating four clusters: precision agriculture, smart agriculture, remote sensing, and climate smart agriculture. Finally, the thematic-map characterization with Callon’s density and centrality is applied in three periods. The first period of thematic analysis shows a transition in detecting the variability of a nutrient, such as nitrogen, through the help of immature georeferenced techniques, towards greater remote sensing involvement. In the transition from the second to the third stage, the maturation of technologies, such as unmanned aerial vehicles, wireless sensor networks, and the machine learning area, is observed.
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1. Introduction


From the origins of humanity, man has needed to transform his environment through techniques that allow him to obtain the necessary food for his subsistence. This need for food subsistence has given rise to agriculture. Over the centuries, agriculture has been developing through the inclusion of emerging technologies, to achieve more efficient management of agricultural inputs and a higher level of crop productivity. At the beginning of the 20th century, the integration of chemical fertilizers, mechanization, and scientific knowledge allowed a notable development of agriculture [1]. Later, in the middle of the 20th century, the appearance of the tractor, seed improvement, and agrochemicals lead to the green revolution [2].



The green revolution represented a breakthrough in terms of agricultural productivity. However, it also brought enormous consequences, such as dependence on pesticides and herbicides, pollution of water and soil, and loss of biodiversity due to the planting of large areas of monocultures [3,4]. As a counterpart to the harmful effects of the green revolution, the concept of sustainable agriculture is born, which seeks to make efficient use of resources that guarantee the levels of productivity that the world population demands, seeking the least ecological impact [5]. The aforementioned represents a significant challenge since the estimation of the growth of the world population in 2050 is 9.7 billion people, generating an increase of up to 70% in demand for food, without considering the complexity of mitigation of climate change [6].



Converge in electronics, data science, and information and communication technologies, with agriculture derived in the now called precision agriculture and smart agriculture (here defined as advanced information and communication technologies in agriculture). By the mid-1990s, the term precision agriculture was established as a new paradigm in agriculture [7]. Precision agriculture appeared to apply the accurate management of the crop in the correct place and time [8], for proper decision-making in agricultural [9]. The purposes followed in agriculture through the use of new technology are several: to maintain quality, to increase productivity [10], and to monitor physical aspects related to crops, for example, soil nutrition and erosion [11].



Another relevant term is smart agriculture, although used interchangeably by some authors as a synonym of precision agriculture, is a more recent term which dates from the beginning of 2010. This concept is usually associated with the use of last generation sensor networks for data transmission, storage, and processing in real-time for decision-making in agriculture [12,13].



The term smart agriculture is closely associated with the internet of things (IoT), which in turn is related to other definitions, such as smart cities and smart health, among others. These terms probably have been influenced by European funding calls, for example, the European Union’s Research and Innovation funding program or current program Horizon 2020 [13]. Some authors have begun to refer to the term smart agriculture as a modern definition of the concept of precision agriculture [13].



In this work, the two terms of precision agriculture and smart farming are integrated, in the concept of advanced information and communication technologies (ICT) in agriculture.



This concept, through technological implements, seeks to manage more efficiently the temporary space variables of agricultural inputs, achieving higher economic performance and reducing environmental impact, in addition to taking advantage of the data generated by these implements for adequate decision-making in crop management [14,15].



Advanced ICT in agriculture allows unifying different concepts and extending the meaning without referring in a particular way (precision agriculture, smart agriculture, smart farming) depending on each author’s definitions.



Advanced ICT in agriculture is still in the process of maturation, and its application is not widespread in the world. However, on the academic side, there has been an explosion of scientific literature. The emergence of advanced ICT in agriculture has been observed since the 1990s, with considerable growth in literature in recent years. Derived from the above, an exhaustive review of 25 years of scientific research associated with the field of advanced ICT in agriculture through performance analysis is relevant.



Bibliometrics is a successful approach for assessing trends and analyze the impact of research outputs [16] through performance analysis and science mapping. The performance analysis reveals the main actors: universities, countries, and authors, allowing the understanding of the environments that favor the development of the field. In the same way, through science mapping techniques, the structure and dynamics of the field can be revealed, allowing a comprehensive knowledge about the trends over the years and the main thematic areas and its collaboration networks.



Previous works have studied the evolution of precision agriculture by applying bibliometrics, but the authors only focus on journals, terms, and countries, especially in Italy; they limited it to a local perspective, and the science mapping method is only related to terms of precision agriculture, forestry, viticulture, farming, and aquaculture [17]. Additionally, other works are center on a specific technology, such as IoT [18]. This work proposes a global view of using advanced ICT on agriculture (smart and precision) in published papers, particularly all collections of databases in Web of Science.



This paper is structured as follows: Section 2 introduces the methods. Section 3 presents the results and discussion. Finally, Section 4 describes the conclusions of the study.




2. Method


2.1. Bibliographic Recovery


A bibliometric analysis was performed using the web of knowledge database on the scientific published papers [19,20] related to worldwide advanced ICT in agriculture. For the bibliographic search is used the following keywords: ((TS = (“smart agriculture” OR (“smart farming” AND agriculture) OR “Precision agriculture”))). In this way, 2633 records were found between 1994 and 2018 to be associated with worldwide advanced ICT in agriculture. This bibliography was used to evaluate productivity in conjunction with the structure and dynamics of advanced ICT in agriculture using the bibliometrix [21] library in R programming language [22]. To assess productivity, the number of publications is measured over the years, detecting the authors, countries, and foreign collaborating institutions with higher productivity.




2.2. Country First Author Papers


To quantify the contribution of advanced ICT in agriculture literature by country, we seek to identify the country where the affiliation of the first author associated with each paper is located. The outstanding number of first author’s papers for a country implies a relevant contribution of the country to the literature.




2.3. Co-Word, Collaboration, and Co-Citations Networks


After generating a network of co-occurrence of words [23] contained in the author’s keywords of papers, the stop words were eliminated to calculate the co-occurrence index of the words. The frequency of co-occurrence of two words determined by counting the number of documents in which two words appear together in the author’s keywords section. A network from the 30 nodes is constructed, belonging to the words extracted from the keywords with the highest degree of co-occurrence according to the association strength index considered as the most appropriate metric for the normalization of co-occurrences frequencies [24,25]. In Equation (1),   C  i j    is the count of publications in which two keywords i and j co-occur, and   C i   and   C j   represent the count of publications in which each one appears.


   e  i j   =  c  i j  2  /  c i   c j  .  



(1)







The word co-currency clusters are observed in colors, according to the Louvain clustering algorithm [26]. The country and institution collaboration networks were generated using the top 30 nodes (outstanding countries and outstanding institutions) and the Louvain clustering algorithm. The journal co-citation network was generated using the top 30 nodes (leading cited journals) and the Louvain clustering algorithm.




2.4. Theme Selection


Once the abstracts were obtained, the words contained in the author’s keywords sections were chosen for co-word analysis [23]. The next step is the calculation of similarities based on the frequency of co-occurrences of authors’ keywords, using the association strength metric for the normalization of co-occurrences frequencies [24,25].



The final step was clustering for the location of subgroups of words that are strongly linked with each other using the simple center algorithm [24]. The simple centers’ algorithm is well known in many studies in the context of word-matching [27,28] and automatically returns the clusters labeled (theme name) by using different parameters, such as minimum word frequency and cut-off values, for the co-occurrence. In addition, the algorithm has two parameters to limit the size of the detected themes, the maximum and minimum sizes of the network, which can be adjusted by experts in the field.



The 300 most abundant authors keywords for the 25 years of literature, and a minimum word cluster frequency of 5 was used as parameters. Prior to to word selection, stop words were removed and subsequently submitted to a stemming process, using the snowballC library [29] in the R language, in order to select the most relevant terms and reduce redundant terms, respectively. SnowballC implements Porter’s word stemming algorithm for collapsing words to a common root to aid comparison of concepts, avoiding prefix or suffix and sub-count words of the same concept, for example, singular and plural concepts.




2.5. Strategic Diagrams


Co-word analysis used to map science was used to obtain word clusters and their interconnections. The previous thematic selection procedure was used to obtain word clusters and their interconnections. These clusters are topics or themes, and each research topic obtained in this process is characterized by two parameters: Callon’s density and centrality [24]. Centrality evaluates the degree of interaction among clusters defined as Equation (2) with k a keyword belonging to the theme, and h a keyword belonging to other themes. The density measure defined as Equation (3) can evaluate the internal strength of the clusters, with keywords i and j belonging to the theme, and w is the keyword count in the theme.


  c = 10 × ∑  e  k h   ,  



(2)






  d = 100 ( ∑  e  i j   / w ) .  



(3)







Strategic diagrams are a two-dimensional space constructed by graphing topics according to their ranking of values in density and centrality used to classify the themes into four quadrants [24,27,30]. The strategic diagrams used here were considered to have a better interpretation of the results employing the categorization of the different themes [30].



Themes in the upper right quadrant are those that are well developed and are essential for the structuring of the research field and are externally related to concepts applicable to other themes.



Themes in the upper left quadrant, are specialized themes that maintain well-developed internal but not external relationships.



Themes in the lower left quadrant are considered marginal and underdeveloped due to their low density and centrality in the network.



Themes in the lower right quadrant group are basics general and transversal themes in such a way that the research field can be understood by a set of research themes mapped in a two-dimensional space through the X and Y axes.



The ratio of the spheres associated with a theme is proportional to documents number corresponding to each keyword of a theme. Each thematic network is labeled using the name of the most significant word associated with the theme (usually identified as the most central word in the theme).



Three periods of time were used to analyze the strategic diagrams of the area. The first period comprehends the years from 1994 to 2002 with 185 publications, the second period the years from 2003 to 2010 with 1035 publications, and the last period from 2011 to 2018 with 1813 publications. For the last two periods, periods of 8 years are considered, unlike the first period that was extended to 9 years.





3. Results and Discussion


The bibliometric analysis of the publications associated with the area of advanced ICT in agriculture is divided into two sections. The first section shows and discusses the results of the performance analysis of the most relevant institutions, countries, authors, and papers in the area. The second section is focused on discussing the results of science mapping, specifically those derived from collaborative and co-citation networks analysis, additionally to thematic map strategic analysis at different stages of advanced ICT in agriculture.



3.1. Performance Analysis


3.1.1. Publications Dynamics


The trend in growth in publications in the field of advanced ICT in agriculture over the annual evolution of the published paper is shown in Figure 1. The X-axis indicates the year, and Y-axis indicates the number of published papers. These growing dynamics of publications worldwide has been promoted by greater availability of open hardware, platforms, and software, as well as national and international efforts in financing for the development of advanced technology agriculture [31,32,33]. Specifically, Arduino has been the open hardware platform that, starting in 2010, began to be implemented in amateur projects followed in its use in the development of scientific applications [32,34]. This platform allows controlling the connection to a network of different electronic devices interacting with various variables applied in precision farming. Therefore, the acquired measurements are analyzed by applied statistical techniques, thus, generating solutions for the area [35].



Other factors that have favored the development of the area are the opening of the Global Position System (GPS) since 2000 to the public domain by the United States (U.S.) Department of Defense [7], the evolution in spatial, temporal, and spectral precision of the satellites and improvements of the new generations of wireless sensor networks (WSNs) among other technologies [12,36,37]. Public worldwide investment in agricultural research and development grew from only 5.4 billion USD in 1960 to 33.7 billion USD for 2009, growing at an average rate of 3.36% per year [38]. In public investment, in the European nations, more than 200 projects related to smart agriculture are supported by the Horizon 2020, which is an initiative of European financing in agriculture and forest conservation [39]. In addition, on the side of private investment in agricultural research and development, excluding the food industry, it grew from 5.1 billion USD in 1990 to 15.6 billion USD in 2014 [31]. Summarizing the convergence of various factors, such as public-private investment, technological development of open hardware and software are favoring the growth of scientific publications in the area of advanced ICT in agriculture.




3.1.2. Most Relevant Countries


In general, the countries that invest most in research and development are those that produce the highest number of publications [31,40,41,42,43]; in the case of publications referring to the topic of advanced technology agriculture are countries with substantial investment in research and development, as well as those that maintain high levels of agricultural production. In Figure 2, within the ten most relevant countries in publications number to the field of advanced technology agriculture is the United States; the above is not surprising since the United States leads the field of information and communication technologies [44], in addition to being of the number one countries in agricultural exports with around 135 billion USD per year [45]. In 2011, the United States Department of Agriculture (USDA) generated a report showing that more than 70 percent of U.S. farmers with annual sales of more than 250,000 USD use IoT technology and small farmers around 41 percent [37]. The United States not only tops the list of countries with the highest agricultural exports but historically stands out in the budget designated for research and development [33]. To give an example in the fiscal year 2015, the USA spent about 140 billion USD of its budget on improving the production and productivity of the agricultural sector [39].



In Figure 2, China stands out as second in the number of publications; unlike the United States, in addition to its high agricultural production, its high level of population demands large amounts of food, so, despite being the leading agricultural producer, it is not the largest exporter [46]. In terms of purchasing power parity, recent studies show that, in recent years, China has become the country with the most significant public and private investment in agricultural research and development [33], which is reflected in its outstanding number of papers associated with the area of advanced ICT in agriculture. Since the beginning of the 21st century, the Chinese government has recognized new technological trends in agriculture by planning the national science and technology project in agriculture to favor food supplies for 1.6 billion people in the middle of the 21st century, according to projections [47].



Thanks to these public policies, advanced technology agriculture in China is a fact not only in Chinese university research centers, such as China Agricultural University and Zhejiang University, but also at the level of application in the field, for example, in Heilongjiang province, in Manchuria, a massive program was created for the evaluation of precision agriculture technologies in large state farms that together exceed 20 thousand hectares [48].



Collaborative agreements between private and public initiatives have also been crystallized, for example, between the Beijing Minister of Education and Shanghai Precision Information Co Ltd., in the development of advanced technology laboratories in agriculture [47]. In general, it is public support in conjunction with private interest to favored research and, consequently, the technological and scientific production associated with agriculture. Brazil also occupies a prominent place in the number of publications associated with the area of advanced ICT in agriculture. The above may reflect the importance of this economic activity in the country and its growing development in recent years. In the 80s and 90s, Brazil had a considerable increase in its agricultural productivity derived from public policies, which favored exports, followed by a considerable decrease in import taxes on agricultural inputs, which favored adopting new technologies in agriculture [49]. Currently derived from the recognition of agricultural innovations, Brazil stands out as one of the countries with the highest investment in research and development in agriculture, which, together with its characteristics of great territorial extension, has kept it as a leader in agricultural exports [50].



On the side of advanced technology agriculture, in the European countries, more than 200 projects related to smart agriculture are supported by the horizon 2020 policy, which is a European financing initiative in agriculture and forest conservation [39]. From 2016 to 2017, the 2020 horizon offers a budget of 560 million USD to enhancement farm productivity and sustainability [39]. Within the European Union, the countries that stand out in the number of publications associated with advanced technology agriculture are Spain, Germany, Italy, and the Netherlands. Interestingly, these countries also stand out at the top of countries that export agricultural products. In addition, all these countries, except Spain, are at the top in public investment in agricultural research and development [33]. Specifically, in Spain, despite not being among the top countries in public investment, private investment in agriculture seems to be favoring the development of advanced technology agriculture [51].



Spain is a leading global exporter of fresh fruits and vegetables, which had generated enormous attraction in the private sector, describing significant increases in private investment since 1986 when it became part of the European economic community [51]. In fact, at present, specifically, programs, such as Agrotech, proposed by Microsoft, EFOR, and Libelium, leading companies in information and communication hardware and technologies in conjunction with the Ibercaja bank, are responsible for promoting financing for agronomists in projects that involve the introduction and adoption of smart agriculture [52]. Other outstanding countries in the number of publications outside the European Union are Australia and Canada. Canada is also among the top countries in both export levels and public investment in agricultural research and development [33], which could be favoring its outstanding number of publications. On the other hand, Australia has been a country with outstanding agricultural export levels, with around 40 billion USD worth of goods per year, according to data from the world bank [39]. Although, in this country, in recent years, there has been a decrease in public investment in agricultural research and development, there has been an increase in the private sector side [53].



The Australian government, trying to reverse this trend and identifying the agricultural sector as a key, it has generated a plan that favors the growth of agriculture by investing 4 billion USD to its farmers in the coming years [39]. This plan promotes the adoption of intelligent technologies backed by researchers in conjunction with the public and private sectors. Historical support in agricultural research and development has influenced Australia’s position among the top publishing countries associated with advanced technology agriculture [33].



Finally, India is the country that has most recently climbed to the top countries in investment in agricultural research and development [33], which, together with its leading position in human resources trained in information and communication technologies, favors its outstanding position in the number of research papers.




3.1.3. Most Relevant Institutions


Of the institutions with the highest scientific productivity in the area of technology agriculture, the state universities of the USA stand out, which in turn are located in the top states in agricultural production and export (see Figure 3). Consistent with our studies of scientific productivity at the country level, the top institutions associated with advanced technology agriculture outside the United States are institutions belonging to China, Brazil, and the Netherlands. Specifically, the university with the highest number of papers associated with advanced ICT in agriculture is the University of Florida. The state of Florida is distinguished by its high levels of agricultural production and export [54]. Mainly, its production focuses on non-traditional crops, such as fruits and vegetables. Florida is first in the United States in the production of citrus and the first place in vegetable production and use of greenhouses [55]. This diversity in agricultural production of the Florida state probably also promotes the research and development of a diversity of agricultural technological solutions, which is reflected in the number of publications of the University of Florida, one of the main educational institutions of the state.



Other outstanding universities in the United States are the universities of Nebraska, Missouri, and California. These states are also distinguished in their levels of agricultural production and export. Specifically, the state of Nebraska excels in the production of more traditional crops, being a leader in the production of corn, and with high levels of production in soybeans, wheat, and grain sorghum [56]. Besides, the most outstanding economic activities of Nebraska are the production of chemicals (pesticides and fertilizers) and Machinery (farm, telecommunications, and scientific equipment) [57], the synergy of economic activities and their influence could explain why the University of Nebraska is within the leading institutions at the international level in terms of scientific production associated with advanced ICT in agriculture.



Furthermore, at the University of Nebraska—Lincoln is located an important OECD test Lab at the worldwide level for tractors, so there are a long tradition and high competence in agricultural mechanization and machinery [58,59].



The University of Missouri excels in third place, where, just as Nebraska, the economy of the state of Missouri stands out for its agricultural production in traditional crops and also a greenhouse [60]. It is estimated that, from 2012 to 2017, there has been a 20% increase in the market value of Missouri agriculture sold products, including nursery and greenhouse [61]. In addition, after agriculture, its main economic activity is the production of transportation machinery and food industry [62]. The University of California is another of the leading producers of papers associated with advanced technology agriculture; in the same way as the states associated with the universities mentioned above, California stands out in the first place of agricultural production [63], as well as a world leader of computer machinery production [64].



Institutions outside the United States are led by Chinese universities, specifically China Agricultural University and Zhejiang University (see Figure 3). The China Agricultural University was formed in 1995 by the merger of the Beijing Agricultural Engineering University and the Beijing Agriculture University, with the background of the latter institution dating back to 1949 and inheriting its trajectory in agricultural studies [65]. In addition, the agricultural college of Zhejiang University has a history of more than 100 years, being one of the central educations and research institutions in China. The Chinese government has focused its efforts on investment in agricultural research and development, according to the higher population and demand for food [46]. In addition to China, Brazil and the Netherlands excel in institutions with high levels of production of scientific-technological papers associated with the area of advanced ICT in agriculture, the University of Sao Paulo, and the University of Wageningen, respectively, as seen in Figure 3. On the Brazilian side, the University of Sao Paulo is the largest and most prestigious public university in Brazil, so its high levels of scientific production are representative of the high investment in research and development in agriculture for the government [38,66].



In the Netherlands, the public university of Wageningen is located in the region called food valley; as its name describes it, this region concentrates a large number of multinationals, which in turn agglomerate a large number of human resources related to food sciences and technological development. The context where this university is located, together with the high Dutch public investment in agriculture, explains why this institution is at the top of scientific production associated with the area of advanced technologies in agriculture.



Interestingly, another independent work coincides with our results regarding the relevance of the institutions on the field of advanced ICT in agriculture. Specifically, the study carried out by the electronic magazine specialized in precision agriculture ‘precisionAg’ [67], which focuses on detecting the most outstanding 4-year academic programs in precision agriculture offered by schools and universities worldwide. The methodology used by the magazine was based on consulting experts in the industry associated with precision agriculture and Internet research; in this first stage, a list of institutions was generated from which those responsible for educational programs were interviewed to provide a self-assessment and peer review, including in the list those schools that were thought to have the best reputation in education and research in precision agriculture [67]. Despite the differences in the methodology, except for three universities, all the outstanding institutions in publication number are among the top universities with the best academic offers in precision agriculture. The above reflects that our approach can be a good indicator in the detection of universities with outstanding academic level. The other three institutions that are not in the top of academic offers in the area but outstanding in publication number are the Chinese universities and the University of Illinois. These previous discrepancies could be due to the characteristic of used methodologies, such as the restriction in the detection of 4-year programs.




3.1.4. Most Relevant Journals


In Figure 4, the most relevant journals are Computers And Electronics In Agriculture, followed by Precision Agriculture. The multidisciplinary approach of these journals has favored their outstanding publication number related to the advanced ICT in agriculture. These journals are relatively recent and emphasize technological convergence, which favors the publication of research papers that mainly integrate computer, electronic, and data science studies with agriculture.



The journal of Computers and Electronics in Agriculture has a five-year impact factor (IF) of 3.53. This journal publishes technological innovation applications in agriculture. The second position is for Precision Agriculture with five-year IF = 3.52, and it focuses on this field. Both journals have applications in agriculture, but journals of technological innovation topic occupy the third and the fourth position; the above can be the result of the interest in aspects related to soil, crop, plant disease, and water stress studies.




3.1.5. Most Cited Papers


The most relevant papers in the area in terms of citations are mostly focused on the use of images obtained through satellite and Unmanned Aerial Vehicle (UAV) technologies [36,68,69] and remote sensing [36,69,70], in the detection of indicators of soil and crop properties [71]. Figure 5 (Table 1) shows the total number of citations in the first column, and, in the second column, the average citation per year according to the web of science.





3.2. Science Mapping


3.2.1. Institution Collaboration Network


Figure 6 shows the collaboration between the 30 most relevant institutions in advanced technology agriculture. Interestingly, in the green cluster, the Chinese agriculture university institutions and the University of California Davis stand out, the latter being observed as the U.S. institution with the highest international collaboration since it collaborates with institutions from countries, such as China, Brazil, and Argentina. Interestingly, the red cluster shows a closer collaboration relationship between international institutions, such as International Maize and Wheat Improvement Center (CIMMYT, by its acronym in Spanish), International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), International Center for Tropical Agriculture (CIAT), and Wageningen University. These centers are joined by very similar themes and objectives, such as sustainable agriculture and food improvement in developing countries [72].



The remaining clusters, associated with the colors blue, purple, and orange, are made up exclusively of U.S. universities. The member universities of each cluster are associated with states that maintain a closer geographic relationship with each other than states associated with the universities belonging to other clusters. Specifically, in the orange cluster, most of the states associated with the universities are neighboring states located in the United States central-eastern (Ohio, Indiana, Kentucky). Those belonging to the purple cluster are located in the southeast region (Texas, Florida, Georgia, Mississippi) and central region (Oklahoma and Kansas); finally, in the blue cluster are the adjoining states associated with the northeast area (Michigan, Illinois, Iowa, Wisconsin, Missouri), except for Washington.



The previous shows that geographical proximity is one of the critical factors in shaping the collaborative networks of U.S. institutions in the area of advanced ICT in agriculture. The geographical proximity can explain the above favors the mobility of research resources, in addition to the fact that there are higher probabilities of sharing climatic regions between adjacent states, which is a critical factor in the selection of crops and the control of these variables for agricultural management.




3.2.2. Sources Co-Citation Networks


In Figure 7, three clusters in the co-citation network of the 30 most relevant journals in advanced technology agriculture are detected. In the blue cluster are the most-cited journals in the area, such as Computer Electronics and Agriculture, Precision Agriculture, and Biosystem Engineering journals, and the characteristics of the journals associated with this cluster are mainly of technological and engineering approaches in agriculture.



On the other hand, in the red group, the most specialized magazines in remote sensing stand out. Remote sensing has had a significant development in recent years for monitoring and decision-making in agricultural systems [73]. Interestingly, the specialized studies in remote sensing of these journals tend to be cited more among them than in the more general-spectrum journals within agriculture.



Within the green cluster is a higher occurrence of generalist journals, such as science, nature, Proceedings of the National Academy of Sciences, and some other general thematic journals in agriculture; due to the generality of these journals, the proportion of works associated with advanced technology agriculture is minor; however, its presence can be detected.




3.2.3. Word Co-Occurrence Networks


In the network of co-occurrences of words, 4 clusters are observed in Figure 8. In the green cluster, the dominant term ‘precision agriculture’ is detected, which is not surprising since it was used as a search term. Connected with the previous term was found ‘soil properties’, ‘site-specific management’, ‘spatial variation’, ‘yield monitor’, and ‘sensor’; together these terms are associated with the detection of properties and characteristics of crops, for management of crops in the application and administration of variables, such as agricultural inputs [7].



On the other hand, the blue cluster shows terms, such as climate-smart agriculture, ‘climate change, adopt’, and ‘agriculture’, that are associated with advanced technology agriculture papers, focused on technology adoption and problem-solving associated to climate change for containment and mitigation of its adverse effects [74]. The purple cluster includes terms, such as remote sensing, UAV, precision farm, Leaf Area Index (LAI), and hyperspectral, all of which are associated with remote sensing and the generation of indicators for inspection and decision-making in agricultural management [73]. Finally, in the red cluster, the terms ‘wireless sensor networks’, ‘internet of things’, and ‘decision support system’ refer to the most recent concepts in the advanced ICT in agriculture. Specifically, these terms are associated with scientific papers focused on the IoT that involve the use of the latest sensor networks for real-time monitoring and decision-making in agricultural management [9].




3.2.4. Country Collaboration Network


The country collaboration network was generated using the top 30 nodes (outstanding countries). Figure 9 shows the clusters in colors derived from the Louvain algorithm. The word size is proportional to a country’s collaboration and the edges to the collaboration between countries in research.



The size of the box reflects its presence in the number of papers; four main clusters are observed. In the blue group, a collaboration between countries could be facilitated by cultural and language relationships, for example, Spain with Mexico and Argentina, as well as Brazil with Portugal and France with Belgium. The red cluster shows the countries with the highest contribution in the literature associated with advanced technology agriculture may be favored by commercial and academic relations between the countries of the USA, China, Germany, and Canada. The green cluster may also be influenced by cultural and language relationships, such as those between Australia, the United Kingdom, India, and South Africa. Similarly, the purple cluster shows relations between Pakistan and Iran, Switzerland, and Sweden.



The main countries in agricultural production are China and the USA and have commercially traded for this purpose. Another strong union is between Italy and the USA; it is due to bilateral agreements. The agenda contemplates the cooperation in science and technology, specifically in ICT and Agriculture technologies for crops, fruit trees and vineyards, and Food Sciences. This kind of agreement could be boosting the cooperation between both countries in ICT in agriculture [75].



In Figure 9, the red cluster presents a dominant research collaboration; the above is due to bilateral treaties between these world powers in the agricultural area [76].




3.2.5. Strategic Diagrams by Period


The first period in Figure 10 shows the concept of nitrogen as a theme. Nitrogen is one of the most important agricultural inputs because it is indispensable fertilizer for plant growth and development [77]. Besides, nitrogen is one of the inputs that generate the most costs so that proper management and administration, facilitated by advanced ICT in agriculture, are essential for producers to generate a good profit margin [78]. The previous characteristics of nitrogen make it a central theme in the first period of advanced technology agriculture.



In the quadrant of specialized themes in Figure 10 appears the term ‘corn’, which refers to the most widespread crop in the United States [79], and where this country is a world leader in production. Therefore, it is not a surprise that, in the first stage of advanced ICT in agriculture, it remains a specialized theme. As for the lower left quadrant, themes with low centrality and density are exposed, which may be emerging or disappearing in the field, specifically ‘crop model’ is an emerging theme, where, in addition to corn, other model crops are appearing, for the exploration of new approaches associated with advanced ICT in agriculture. The lower right quadrant reflects themes with high centrality, which are of universal importance in the area, as expected, the term ‘precision agriculture’ appears, which is composed by the outstanding terms in occurrence ‘site specific’ management, ‘global position system’, and ‘spatial variation’. These terms reflect that the precision agriculture theme in the first period was focused on the specific site location variability of different properties in the agricultural fields, such as the nitrogen nutrient.



The second period shows a growth in the number of themes due to an increase in the volume of research papers associated with the area of advanced ICT in agriculture, where ‘decision support system’ appears as a major theme in Figure 11. The most relevant terms associated with this theme is ‘irrigation’ and ‘agriculture’, which suggests that decision-making systems in the management of agricultural resources, such as water, have been a central theme.



In the upper left quadrant of Figure 11 associated with specialized themes, ‘krige’ appears, which contains as outstanding terms the following words ‘map’, ‘variomap’, ‘sample’, and ‘temporal variables’, referring to geostatistical methods, which have been adopted by precision agriculture for map generation [7]. Specifically, krige method (or kriging) is an interpolation technique based on a regression of samples used to predict unknown values from known values spaced irregularly [80]. A variogram is a tool that allows analyzing the spatial behavior of a variable over a defined area, resulting in the influence of data at different distances. Based on the data provided by the theoretical variogram, the estimation by the Krige method will be carried out, which serves the farmers in estimating the distribution of variables of interest, such as nutrients throughout the crop field for proper specific site management [80].



Another specialized theme is the ‘model’ that is constituted by the term ‘wheat’, which suggests that this crop, given its importance after corn, became a model topic in the second stage of the advanced ICT in agriculture. The last theme of this quadrant is ‘dgps’, called differential GPS (DGPS) is a system in which differences between observed and computed co-ordinates ranges (known as differential corrections) at a particular known point are transmitted to users (GPS receivers at other points) to upgrade the accuracy of the user’s receivers position [7]. Unlike the first period, where most of the geolocation was given by low spatial resolution GPS, the creation of DGPS facilitated the investigation and development of devices with better spatial precision in the second stage of advanced ICT in agriculture. Additionally, the opening by the United States Department of Defense of the GPS since 2000 to the public domain [7] has facilitated a greater adoption of the DGPS theme.



In the lower-left quadrant of Figure 11, themes in emergency or disappearance are observed; in the case of advanced technology agriculture, the theme of ‘soil’ associated with the word characterization appears, referring particularly to research papers that focus on determining the characteristics of the soils by different sensing devices, which is of great interest in agricultural management. In the lower right quadrant, there are themes with high centrality and universal to the area, but without terms so closely connected due to its dynamism. Interestingly, the topic of ‘remote sensing’ is made up of outstanding terms, such as ‘vegetation index’, ‘LAI’, and ‘hyperespectrome’, the previous ones associated with indexes on characteristics of the crops taken from satellites or UAV [81]. The theme of precision agriculture remains constant concerning the first stage but with a higher number of associated terms, which indicates its enrichment with new terms, such as Geographic Information System (GIS) and apparent electrical conductivity (ECA). Electrical conductivity (EC) measurement in precision agriculture is used in 2 forms of soil bulk EC and soil ECA. This soil EC correlates with various soil properties, such as soil texture and water holding. GIS, in the strictest sense, is an information system capable of integrating, storing, editing, analyzing, sharing, and displaying geographically referenced information. As for inheritance from stage 1, in stage 2, the terms ‘specific site management’, ‘spatial variation’, ‘GPS’, and ‘nitrogen’ continue to stand out, indicating their transcendence in the area of advanced ICT in agriculture.



In the third period, remote sensing appears as a major theme in Figure 12. Unlike stage 2, this theme now contains a new and higher number of terms, such as ‘UAV’. The rise and maturation of associated technologies in the unmanned autonomous vehicles, and a higher spatial, temporal, and spectral resolution of satellites [36], have located the remote sensing theme as one of the core issues in advanced technology agriculture.



In the upper left quadrant, high-specialty themes, such as hyperspectral image stand out, which is also a consequence of the images generated by high-resolution spectral satellites, which has opened a field of studies of these images for the analysis and detection of properties of crops and soils [82]. In addition, another theme of specialty generated within this stage is the support vector machine, which is constituted by the terms ‘image classification,’ ‘plant disease’, which implies that this theme has emerged as a need to classify the vast volumes of images generated by satellites and aerial systems, to solve problems, such as the detection and characterization of diseases in plants [36,82].



Finally, the theme tagged sugar beet contains an association of the keywords ‘sugar beet’ and ‘plant phenotyping’ according to their co-occurrence within the theme cluster, appearing in the specialized themes quadrant. According to the above, the sugar beet specialized theme could suggest an emergence of remote sensing techniques in this plant’s characterization and modeling, and, moreover, evaluation and development of ICTs [83].



At this stage, the emergence of the theme of ‘soil analysis’ with the associated terms ‘spectrometric’ and ‘chemometrics’ is still observed, which suggests that this theme is related to the analysis of spectral images employing chemometric tools in the detection of soil properties and crops as the content of organic matter [81].



Finally, in the lower right quadrant of Figure 12, where the general themes of the area are concentrated, in the third period emerges two new themes ‘climate-smart agriculture’ and ‘wireless sensor network’. The climate-smart agriculture theme is composed by the most outstanding terms, such as ‘climate change’, ‘agriculture’, ‘adaptation’, ‘food security’, ‘adoption’, and ‘mitigation’. The term climate-smart agriculture was coined and first presented by the Food and Agriculture Organization (FAO) at the Hague conference on agriculture in 2010, referring to agriculture that sustainably increases productivity, favors adaptation to climate change, and mitigates possible effects of greenhouse gases through innovation, such as information and communication technology solutions [6,74].



Another theme that crystallizes in the third period of advanced technology agriculture is WSNs, which is constituted by the relevant terms, such as the ‘internet of things’, ‘neural network’, ‘smart agriculture’, ‘machine learning’, and ‘decision support system’. This theme is favored by maturation in sensor networks technologies in terms of capabilities and costs, and also in IoT field development [12]. In 1999, Kevin Ashton coined the expression of the ‘Internet of Things’ to refer to the trend toward interconnected ‘things’ that collect data through sensing and performing computations on the sensor data [84]. The enormous capacity of sense, performance, and internet connectivity of the WSNs allows covering a wide range of application and support in IoT technologies [85]. Besides, other terms that make up this theme, such as ‘neural network’, ‘smart agriculture’, ‘machine learning’, and ‘decision support system’, reflect the use of data provided by WSNs through machine learning techniques, in the classification and decision-making [9], necessary for the resolution of problems in the area of advanced ICT in agriculture.






4. Conclusions


In the dynamics of publications associated with the area of advanced ICT in agriculture, a growth trend is observed over the 25 years of study. This trend in publications has been promoted by international growth in public and private investment in agricultural research and development and the enormous development of information and communication technologies, which favor technological convergence. In addition, the use of technology allows for increased productivity and sustainability, considering climate change.



Our bibliometric approach, specifically, performance analysis, was able to detect the main actors (countries, institutions) of the 1994–2018 period associated with advanced ICT in agriculture. Countries that allocate more resources in research and development have the highest number of publications associated with the field of advanced ICT in agriculture and the highest levels of production supporting sustainable agriculture. The U.S. universities are the most productive in terms of publications, and these are associated with the states with the highest agricultural activity and manufacturing in information and communication technologies; this convergence could be favoring the scientific and technological development. Outside the United States, the institutions that stand out are the Chinese, Brazilian, and Dutch universities, following the relevance in the number of publications, agricultural production, and research and development financing of these countries.



On the side of science mapping, specifically in the collaboration networks between countries, clusters within which countries with close cultural and idiomatic relations are frequently found. Economic and academic relations could also influence the grouping of these countries. As for the co-citation networks between the different scientific journals, 3 clusters are revealed. In each cluster, the journals maintain a closer relationship of citations with each other. Precisely, one of the cluster shows journals with multidisciplinary approaches and agricultural engineering aspects.



The second cluster stands out for specializing in remote sensing, and the third cluster in generalist journals, such as science, nature, and general topics in agriculture. Regarding the collaboration networks between institutions, U.S. universities tend to be grouped in the same cluster according to their geographical proximity, which can be explained by the ease in the mobility of research resources, as well as similar climatic conditions and crops that could be representing a common research challenges to sustainable agriculture.



Regarding the grouping of terms derived from the co-occurrence of words appears 4 clusters, which represent the areas of (1) precision agriculture, (2) smart agriculture (associated with IoT application), (3) remote sensing, and (4) climate-smart agriculture.



The strategic diagrams analysis in the three periods of time reveals a transition of themes. In the first stage, the initial technologies associated with advanced ICT in agriculture, focused on precision agriculture, accurately to detect the variation of nutrients, such as nitrogen, along with the crop fields, using corn as a crop model, the world’s largest production crop. At this stage, the location of the spatial variation of nutrients occurred through immature technologies, such as GPS and satellites of low spatial and temporal resolution, which evolved in stage 2 with tools of greater spatial precision, such as DGPS and satellites of a new generation. In addition, improvements in the spectral, temporal resolution, and greater openness of satellite information are reflected in the crystallization of the remote sensing theme, generating a higher volume of data and agricultural indicators, which have favored the emergence of the ‘decision-making systems’ theme. In the transition from the second to the third stage, the WSNs theme’s emergence is highlighted, which facilitates real-time monitoring and data processing in the application of IoT technologies. New themes, such as climate-smart agriculture, indicate a trend in the application of advanced ICT in agriculture in climate change mitigation, greenhouse gas reduction, and food security. A higher spatial, temporal, and spectral resolution of the new generations of satellites, together with a higher level of development of the UAV and implementation of the WSNs, favor the generation and analysis of massive data in real-time, through techniques of machine learning and, consequently, the appearance of the theme support vector machines and its outstanding terms as ‘neural networks’ in the third stage of advanced technology agriculture. Finally, the detection of the main actors will serve as a frame of reference to establish future works, which, through interviews and information gathering with these actors, will reveal in-depth aspects about the strengths and weaknesses that influence the development and adoption of advanced ICT in agriculture for resources sustainability.



The bibliometric analysis reveals significant challenges for adopting ICT in agriculture, especially in developing countries, which do not stand out in publication numbers. One of the main strategies to overcome these challenges could be creating an environment that promotes the convergence of low-cost ICTs with agriculture through national and institutional policies that encourage farmers’ technology alphabetization. Through low-cost ICT literacy strategies in agriculture, the complexity and economic problems associated with adopting these technologies would be reduced, taking advantage of the experience and disseminating successful examples obtained in countries with technological and economic lags.
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Figure 1. Annual evolution of published papers. 
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Figure 2. The number of papers associated with the first authors of the different countries associated with advanced information and communication technologies (ICT) in agriculture along the 25 years of the bibliometric study. In the X-axis is indicated the number of documents published. In the Y-axis, the number of first authors with country affiliation is indicated. Only the ten most outstanding countries in the first author’s number of papers are plotted. The label SCP refers to single publication country publications, and MCP corresponds to multiple publications countries. 
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Figure 3. The most relevant institutions in paper number associated with advanced ICT in agriculture for the 1994–2018 period. The relevance is measured according to the occurrence number of an affiliation of all co-authors for each paper. 
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Figure 4. Most relevant journals associated with advanced ICT in agriculture by paper number in the window of 1994 to 2018. 
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Figure 5. Summary of the five most cited papers of the last twenty-five years for the area of precision agriculture, according to the total citations per year. Besides, it presents the research summary and its main applications. Finally, Table 1 allows us to observe the main trends in technologies, such as Unmanned Aerial Vehicle (UAV), vision, and remote sensing, used in advanced ICT in agriculture. 
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Figure 6. Institution collaboration network was generated using the top 30 nodes (outstanding institutions). Clusters in colors derived from the Louvain algorithm. The word size is proportional to institution collaboration and the edges to the collaboration degree between institutions. 
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Figure 7. The co-citation network was generated using the top 30 nodes (leading journals). Clusters in colors derived from the Louvain algorithm. The word size is proportional to journal citation and the edges to the co-citation degree between journals. 
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Figure 8. Word co-occurrence network was generated using the top 30 nodes (outstanding words). Clusters in colors derived from the Louvain algorithm. The word size is proportional to word occurrences and the edges to the association strength index between words. 
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Figure 9. The country collaboration network was generated using the top 30 nodes (outstanding countries). Clusters in colors derived from the Louvain algorithm. The word size is proportional to a country’s collaboration and the edges to the collaboration between countries. 
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Figure 10. Thematic map of advanced technologies in agriculture corresponding to the 1994–2002 (first period). The circle area represents the abundance of a theme in the literature. The X-axis represents the callon’s centrality of the themes in the network, and the Y-axis the density. 
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Figure 11. Thematic map of advanced technologies in agriculture corresponding to the 2003–2010 (second period). The circle area represents the abundance of a theme in the literature. The X-axis represents the callon’s centrality of the themes in the network and the Y-axis the density. 
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Figure 12. Thematic map of advanced technologies in agriculture corresponding to the 2011–2018 (third period). The circle area represents the abundance of a theme in the literature. The X-axis represents the callon’s centrality of the themes in the network, and the Y-axis the density. 
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Table 1. Most cited papers summary.
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	Authors
	Title
	Topics
	Applications





	Zhang, C., Kovacs, J.M.
	The application of small unmanned aerial systems for precision agriculture: a review
	UAV, vision in agriculture, and decision support system.
	Plant disease detection, crop monitoring, water stress detection, and vegetation index.  



	Mulla, David J.
	Twenty five years of remote sensing in precision agriculture: Key advances and remaining knowledge gaps  
	Remote sensing, satellite images, UAV, and computer vision in agriculture.
	Crop monitoring, soil properties determination, and crop indexes determination.  



	Rossel, R. V., Walvoort, D. J. J., McBratney, A. B., Janik, L. J., and Skjemstad, J. O.
	Visible, near infrared, mid infrared or combined diffuse reflectance spectroscopy for simultaneous assessment of various soil properties  
	Remote sensing, computer vision, soil study, and hyperspectral image analysis.
	Analysis of soil properties. 



	Haboudane, D., Miller, J.R., Pattey, E., Zarco-Tejada, P.J., Strachan, I.B.
	Hyperspectral vegetation indices and novel algorithms for predicting green LAI of crop canopies: Modeling and validation in the context of precision agriculture  
	Precision agriculture, leaf area index, hyperspectral images, and vision in agriculture.
	Plant stress detects, detect vegetative, active and reproductive growth stages, plant stress detects, predict leaf area index, and crop canopy. 



	Stagakis, S., González-Dugo, V., Cid, P., Guillén-Climent, M. L., and Zarco-Tejada, P. J.
	Monitoring water stress and fruit quality in an orange orchard under regulated deficit irrigation using narrow-band structural and physiological remote sensing indices  
	UAV, airbone imagery, remote sensing, and vision in agriculture.
	Water status, water stress, estimation crop evapotranspiration, and fruit quality. 
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