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Abstract

:

The bibliometric analysis investigated the impact of publications on trends in the literature and bioenergy research using artificial intelligence (AI) from 1991 to 2021. In this study, 1721 publications were extracted from the Web of Science, and an analysis of the countries, authorship, institutions, journals, and keywords was visualised. In the recent decades, this field has entered an outbreak phase. India was the most productive country in this area, followed by China, Iran, and the US. It also noted several notable differences between trends and subjects in developed and developing countries. The former led this field at the initial stage and later attached importance to using AI for research feedstock and impact assessment. Developing countries encouraged the advancement of this area and emphasised the feedstock usage of phase treatment and process optimisation. In addition, a co-authorship and institutes study revealed that authors and institutes in distant regions rarely collaborated. The journal analysis shows strong links between Energy, Fuel, and Energy Conversion and Management. Machine learning is by far the most common application of artificial intelligence (AI) technology in bioenergy research, with 53% of the articles using it. In these AI-related publications, the keyword artificial neural network (ANN) appeared most frequently in the articles.
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1. Introduction


In the recent decades, the increased fossil consumption and greenhouse gas emissions introduced and emphasised renewable energy sources, which derive from natural resources or processes to achieve zero-emission without polluting the atmosphere [1,2]. As a vital form of renewable energy, bioenergy originated from various natural sources, such as energy crops, biomass wastes or by-products, algae, seaweeds, and aquatic plants [3,4]. However, the defects and imperfections of bioenergy make it improbable to be an immediate marketable energy. Therefore, to fulfil the commercial energy demand, relevant studies encouraged new techniques and upgrades for bioenergy with considerable scope for efficiency, sustainability, and safety improvement [5].



Artificial intelligence (AI) is a computational science that imitates the human mind for decision making and problem solving by combining computer science and robust datasets [6,7]. Researchers have been applying various AI algorithms to develop specific prediction-making systems based on input data. In bioenergy research, AI modelling and prediction have been applied widely, such as in supply chain management and process prediction [8]. In supply chain management, a bioenergy production facility needs extensive logistical planning, power plant design, and resource appraisal [9]. With a multi-scaling feed database of logistical data, demand, availability, and feedstock characteristics, an AI predictive strategy can enable rapid assessment and minimise risks or disruptions throughout the supply chain [10]. Ghugare et al. [11] examined the genetic programming (GP) and multilayer perceptron models to estimate the higher heating value (HHV) of solid biomass fuels (MLP). The models provided 95% accuracy in their forecasts, which might displace the current models. Ozveren [12] predicted gross calorific value (GCV) using an artificial neural network (ANN) model. The ANN model could replace the current costly GCV-predicting method with a cheaper and more applicable model to configure and design thermal conversion systems. In particular, in bioenergy research, AI could establish prediction models with experimental results and parameter data. In previous studies, AI models optimised bioenergy production from oilseeds and accessed the estimation with more data points than current optimisation technologies [13]. Kargbo et al. [14] predicted two-stage biomass gasification for hydrogen production with the ANN model to reduce time and costs in testing and development. The model accuracy was improved by considering feedstock size, shape, and composition, which obtained optimum operating conditions for carbon conversion and hydrogen yield.



Despite the early related research encouraging the broad usage of AI in bioenergy research, consensus on the efficacy of the technologies was still absent in the fields. The bibliometric analysis is a quantitative assessment to evaluate the standard and growth of the literature on a selected subject. Large amounts of scientific data can provide an informative understanding, of which results give suggestions on work evaluation, determine the impact of institutions, and state the progress in the field [15,16]. Donthu et al. [17] split bibliometric methods into two different categories. One is about performance analysis that delves into the contributions of research constituents as it is traditional to present information, such as authors, institutions, countries, and journals. The second is called “science mapping”, which focuses on identifying relationships between the research constituents by utilising citation analysis, co-citation analysis, bibliographic coupling, co-word analysis, and co-authorship analysis.



Current bibliometric studies cover various fields by applying several techniques to provide accurate data. Niu et al. [18] investigated global research on AI from 1990 to 2014 by utilising two citation databases for data analysis of the science citation index and conference proceedings citation index. Results include the location of authors, the subjects related to AI, the countries and institutes that publish the most articles, the keywords that provide the most results, and many more. The bibliometric study could find the patterns in academic collaborations and scientific output related to AI to reveal AI research trends worldwide [19,20]. Obileke et al. [21] found that 84 countries engaged in bioenergy research, and the most productive institutions were in China and Denmark. These visual results recommended that more countries collaborate and share information to promote more research in this field.



AI and its application in bioenergy research have boomed with the advancement of relevant areas and approaches. However, it has yet to be a comprehensive bibliometric analysis for such a plethora in this area. The present work carried out a bibliometric analysis of AI application in bioenergy research by accounting for the literature and publications from 1991 to 2021. A long-time span grants the critical observation of the trends and tracks information travels worldwide. The analysis reveals the characteristics of countries or areas in AI technology in bioenergy for research-trend-targeted predicting.




2. Methodology


2.1. Dataset Collection


Current literature following bibliometric indicators leads to adopting a search strategy. The existing publications for this bibliometric analysis were from the Web of Science (WoS) global citation database. The unique data source of WoS provided numerous samples for further analysis and enabled minimizing errors from data collection overlap to maintain consistency. The search years ranged from 1991 to 2021, and the subject areas were material science, engineering, chemistry, chemical engineering, energy, and environmental science. The search document type and language were Research articles and English.



For the strategy procedure, the initial search consisted of 37 words identified from literature, combining words for both AI and bioenergy. Notably, the search strategy disregards “earthquake” and “seismic” as partial liquefaction articles are about AI technology prediction or optimisation for soil liquefaction susceptibility. The initial search criteria included the words “bioelectric” and “bio-electric” as terms representing the use of biomass in electricity generation. However, these terms refer to electrical currents generated by living tissue, cells, and organisms and were, therefore, out of search strategy. The exporting formation of the publications attained from WoS was as a comma-separated values file (CSV) to Microsoft Excel for transferring a high volume of data to concentrated databases. The organisation of exported literature data was performed according to the date published and the AI methodology utilised in each article.



The selected publications in the initial screening underwent itemised manual screening to clarify the research scope. Manual screening involves a review of the abstract and the full text when necessary. It obtained 1721 publications after duplicate removal and exclusion based on screening criteria. Meanwhile, manual operation marked each publication by subdivision areas, according to a previous study from the judgments of the title, abstract, and keywords [8].




2.2. Data Analysis and Visualization


VOSviewer software was then used for the visual analysis for facilitating bibliometric networks and trends by exporting three visualisation maps: network visualisation, overlay visualisation, and density visualisation [22].



The software statistically outputted the data analysis results of publication numbers each year; the top 10 authors, institutions, and most cited journals each decade, primary keywords every five years; and the AI method emergence frequency in the past decade. In the case of the years with few numbers, particularly at the beginning of this area, the statistical analysis merged or skipped those years for better understanding. Moreover, by tracing the surge from year statistics, the authorship connection research divided the thirty years into three stages of before 2008, 2008–2016, and after 2016 to map the networking of those authors. The first two stages selected the authors with over three publications and the last stage with a minimum of eight.



Apart from the availability of data statistics and the analysis of authorship, institutions, and the publication source, this work also manually sorted the studies into four groups based on the purpose of AI applications, according to reference [8]:



Category 1: biomass properties for feedstock screening and species selection.



Category 2: process-based performance indicators of biomass conversion for technology optimization and design.



Category 3: biofuel properties and facilities performance for the optimal utilization of bioenergy.



Category 4: supply chain design and planning towards technical and sustainability perspectives.





3. Results and Discussion


3.1. Worldwide Publication Analysis


The results of the bibliometric analysis for AI on bioenergy research in this section ranged from 1991 to 2021. A total of 1721 papers provided bibliometric results by focusing on the relationship between the trend, country, and relevant policy. Figure 1 shows the variation in publications released yearly since 1991. A surge point first emerged in 2014. The publications in the rest of the seven years accounted for 90% of all publications in the total of three decades. Hence, AI in bioenergy research is still a new concept with rapid growth.



Figure 2 highlights the progressive output of AI in bioenergy publications based on the top 10 most productive countries since 1991. The diagram also shows an ascending trend in released publications. Most of these countries have a large uprise from 2014 onwards, which occupies the dominant share of the global increase. Throughout the entire research period, the remaining countries provide minimal output, and some of those nations only have one publication. The diagram displays the productivity of Canada and Germany before 2005 as the leading countries in this field. However, after 2005, these countries seemed to have fallen behind their counterparts, with the US, Iran, China, and India emerging as crucial contributors to AI in bioenergy research.



The moments of transition in the overall growth trend can be seen in the periods of 2014–15 and 2018–2019. There was a rise in machine learning activity in the period of 2014–2015, and the first global bioenergy statistics report was also released during this time. Because of their superior problem-solving abilities, technical firms have begun to focus more on machine learning techniques, for example, Google shelling out USD 600 million for the machine learning software DeepMind [23,24]. Another milestone in this area was the World Bioenergy Association (WBA) publishing its “Global Bioenergy statistics 2014 report” to address the dearth of consistent and credible bioenergy statistics at the time. The report states that many countries have not yet accessed data to meet the “potential, the production, conversion, and utilisation of biomass for energy” [25]. The development of AI in the bioenergy sector may be traced back to these historical events.



In 2018, this area witnessed a second explosion, as shown in Figure 2. Since this year, explosive growth has occurred in the UK, Nigeria, Malaysia, the US, Iran, China, and India. From 2015 to 2018, most countries showed either levelling off or decreasing trends, except for some developing countries: Malaysia, Brazil, and Iran. AlphaGo match in 2016 might be one reason for the boom in this area [26,27]. A program with a deep neural network defeated a human champion in the Go-game. This competition confirmed the potential and feasibility of AI in complex systems. Another reason for the boom was that many countries and regions issued plans and laws for carbon neutral and net zero emissions during this period [28,29,30]. Energy supply is a multi-scale complex system with technologies, management, and policy. The complexity of the object and the capacity for problem solving made AI an ideal solution for the complex system of bioenergy research.



Despite the global prosperity in this area, the developed and developing countries still perform some discrepancies in increasing trends. The United States maintains its position as the global leader in artificial intelligence (AI) because to its top-tier research institutes and industry-defining AI companies [31]. AI research covered 149 subject areas, of which computer science and engineering are the priority, while energy is ranked 10th; however, the top-ranked AI-related firms in the US primarily work on robotics research, and bioenergy is not their priority [31]. Therefore, although it is not the primary contributor to publishing numbers, as seen in Figure 2, the United States is still the most significant output country. Compared to other developed nations, the UK, Canada, and Germany maintained a constant output speed to keep up with the world rate in this area in previous decades. The probable reason for this issue was that these countries have multi-energy supply structures and advanced energy technology. Bioenergy is not the only way to handle sustainability and renewable energy sources [32].



The developing countries of India, China, and Iran are the top three publication contributors. Following the US, another four developing countries rank from 5 to 8. These countries share the characteristics of rapid economic growth, abundant bio-resources, and large populations. China and India, as emerging AI power countries, underwent rapid growth in AI innovation and mass employment in the AI sector [33]. Regarding research in AI, the Chinese global share of research papers has skyrocketed from 4.26% in 1997 to 27.68% in 2017, surpassing every other country worldwide [34]. The Chinese government issued the New Generation Artificial Intelligence Plan in 2017, which proposed the development of AI technology and applications until 2030 [35]. Moreover, China and India, the world’s two most populated countries, account for more than a third of the entire world’s people. During the global energy shift, multiplex energy was developed in response to the skyrocketing demand for power [36]. In particular, these countries’ vast bio-resources pushed them to advance their respective sectors. Most of these countries reached agricultural self-sufficiency [37]. In addition, Brazil is the world leader in sugarcane production, and Malaysia is a major exporter of vegetable oil [38,39]. The need to supply a hungry populace resulted in a tremendous amount of waste in the farming and forest industries. When it comes to energy transition and resource utilisation, these developing countries have more pragmatic needs. Thus, developing countries were encouraged by digital progress and the energy shift to increase their use of artificial intelligence applications in renewable energy study.




3.2. Output of Publications


The bioenergy system is a complex network that involves crop cultivation, harvest, feedstock pre-treatment, energy conversion, transportation, and industrial or household usage [40]. Hence, bioenergy-related research comprises several aspects, such as feedstock production, process optimisation, use phase and post-treatment, and supply chain with impact assessment [8]. According to these subdivisions, the present work classified the searched publications into four categories for further analysis.



Figure 3 states the category ratios of using AI in bioenergy research for the top 5 countries worldwide. About 70% of publications in China, Iran, and Brazil focused on the post-treatment, usage phase, and conversion technologies. India reached as high as 80% in these categories. In contrast, the US gave only 20% in these areas, and their major contributions were feedstock production, supply chain, and relevant impact assessments. This observation revealed that there is still a significant gap between developing and developed nations. Their divergent views on energy demands and the international states probably explained this difference.



Because of their large populations and increasing concern for environmental stability, developing countries are working quickly to address pressing domestic problems [41,42]. Bioenergy products originate from various bio-resources, including woody biomass, agricultural residues, aquatic biomass, animal biomass, industrial biomass, and mixtures. However, the ash content, moisture content, chemical compositions, heating value, density, and particle size of each species varied widely and were neither stable nor predictable [43]. Therefore, developing domestic technology pathways using local crops or resources is essential for developing countries. With the help of AI, local biomass data could be a valuable resource for screening potential energy conversion technologies in a shorter amount of time [8].



International status is another factor that sets developed countries apart from developing ones. The United States and European countries, among other developed nations, play pivotal roles in driving global economic and scientific progress. As a result, they started thinking more broadly about technology viability and economic feasibility. So, 35% of all bioenergy supply chain, social, environmental, and economic research publications came from the United States. Research on feedstock production also received 33% of its funding from the United States. This demonstrates that, instead of focusing on solving local problems, they would instead focus on growing more efficient energy crops.




3.3. Authors and Institutional Analysis


3.3.1. Co-Authorship Analysis


Figure 4 shows the top 10 most successful authors in AI in bioenergy research for each decade since 1991. All researchers in the figure appear only once within the 30 years, except E. Betiku from Nigeria. E. Betiku has published the most, with 15 publications within the last 30 years, despite Nigeria not being in the top few productive countries in this area. Google Scholar shows that he has had 105 publications since 2005, and that number is growing. His research interests include biofuel development, bioprocessing, catalysis process modelling and optimisation, and process intensification. Another active researcher is M. Tabatabaei from Malaysia with 15 publications, who has been the most productive researcher since 2016. Google Scholar shows he has 371 publications in biofuels, biomass, climate change, sustainability, and food security. The total citations of his research are 18,966 and 16,922 since 2017. An Iranian author, M. Aghbashlo, with 244 articles in the fields of drying technology, biofuels, renewable energy, and energy analysis, is the second most active author. His total citations reached 12,128.



Figure 5 details the co-authorship analysis of those who have published at least three publications before 2008, three publications in the period of 2009–2015, and eight publications in the period of 2016–2021, respectively. Each circle represents a different author, with the size denoting the number of publications and the colour referring to the cluster to which it belonged. The lines between these circles represent links, where thick lines mean a strong linkage between the two authors, and the distance between each circular node shows their relatedness. The authors from different places who have over eight publications, as shown in Figure 5, contributed the most to this field. However, these authors rarely collaborate with other authors from different regions, except those from Australia, Iran, and Malaysia. Figure 5c displays that those authors in the same regions are more likely to cooperate and work together. With easily accessed publications and information worldwide, it is unsurprising that there are minimal links between authors. The most prominent yellow circular node of Tabatabaei in Malaysia has 15 published papers. Despite having the most publications, Tabatabaei likes to collaborate with regional partners.




3.3.2. Institutional Analysis


Figure 6 presents the institutions with the most publications and citations for each decade since 1991. The first authors of the publications were used to identify the institutes in this analysis. In the first two decades, European and American institutions dominated this field. In the last ten years, however, western institutes have been replaced by Asian ones. Nine of the top ten institutes are from Asia. Among the top ten institutes since 2011, two institutes are from Iran, four are from China, and the rest are from India, Singapore, Malaysia, and Nigeria. The top two institutes are Iranian Universities, which are Islamic Azad University and the University of Tehran. Despite being a fossil-rich country with 9% of the world’s oil reserves, the Iran government encourages using renewable resources, such as biomass from municipal waste, fruits, and other agricultural products [44]. In the late 2000s and early 2010s, the Iranian government put in place fuel diversification policies and development programme goals to reduce the amount of oil used [45]. Figure 6 evidenced that the University of Tehran is very influential in the AI in bioenergy by contributing to 1496 citations, over 500 more than the next most influential institute. Another notable observation is that India contributed the second most publications in this field, but only one institute is within the top 10. It implies that various institutions in India carried out relevant research rather than a few institutions carrying out a lot of research.



Figure 7 displays a citation analysis for the institutes with a minimum of 20 citations to overcome the interference of low-citation publications. Each link is a connection between two institutes where one institute cites the other. Here, it has no distinction between a citation from one institute to another and the opposite direction. The mutual citations of the institutes achieve the sharing of information between each other. The most cited institutions of the Islamic Azad University and the University of Tehran show the most links, which might be because they published the most content. The strength of each link refers to the number of citations from one institute to another. Once again, the most notable links are between institutes within the same regions.





3.4. Journal Analysis


Figure 8 shows the top 10 journals with the most publications for each decade since 1991, with each journal displaying the number of publications published and citations. The ranking of the journals came from several factors: citation numbers, publication outputs, h-index, and impact factor. In the present work, the impact factor (IF) and the number of citations per publication determined the ranking/impact of a journal. Of the highest ranked journals, the maximum publication output occurred in the latest decade, with 701 publications, a 1360% increase from the middle decade. IF of a journal shows the importance by measuring the frequency of a journal citation in a particular time frame. Journals with more published articles will get higher IFs than journals with few publications. The high IF journals reflect the ability of the journals and editors to attract the best papers [46].



As of now, the highest IF and citations are from energy-related journals: Applied Energy (9.746 and 30.7), Bioresource Technology (9.642 and 25), and Energy Conversion and Management (9.709 and 29.4). In contrast to the journals from the first decade, none of the highest-ranking journals were energy related. This observation shows the shift toward research in bioenergy over the last two decades and highlights the importance of research in sustainable energy. Another probable explanation for the rise is the global action to tackle climate change in the late 1990s. In 1997, the Kyoto protocol came to fruition, committing state parties to reducing the emissions of greenhouse gases below 5% in 41 countries [47]. Miyamoto investigated the effects of the Kyoto protocol on renewable energy technologies applications. He found that it led to increased patent applications in developed and developing economies [48]. Therefore, the promulgation of the policy should promote the vigorous development of relevant publishing media.



In Figure 9, the citation analysis of these journals is shown. Each of the journals shown has at least 17 publications. As the figure shows, every journal has a link with every other journal, whether the link is strong or weak. It probably states those authors are inattentive to the cited journals or publications but focus on the information inside. The figure shows that Energy, Fuel, and Energy Conversion and Management are all closely related. Energy is the most productive journal because it has the most visible node, which means it has published the most articles.




3.5. Keyword Analysis


Figure 10 shows how the keywords used in AI research on bioenergy have changed over the last 30 years. Unlike the institution and journal, the keywords underwent an enormous revolution during the publication eruption. Figure 10, therefore, separated each decade into two sets of five years to clearly show the tendency of keywords. In the statistics, the top keyword for the artificial neural network (ANN) has stayed the same, while the other keywords change places at the top. Most research on AI applications in the bioenergy sector is based on predictions. This includes the properties of biomass, the properties of biofuel, and the performance of the process of converting biomass. AI and statistical techniques also use the terms expert system, pattern recognition, genetic algorithm (GA), and response surface methodology (RSM). Additionally, the number of AI keywords has changed a lot from the first decade to the second, with only ANN and modelling still in high demand. The total number of people in the sample is 42.7 times higher than in the first five years, and the number of people in the sample for the last five years is much bigger. It is most likely that researchers still use terms from the 1990s, though maybe not as often as they did 20 years ago. As bioenergy research grew, many researchers concentrated on improving traditional models of biomass conversion and overcoming usual computing techniques for supply chain and optimisation. AI systems, such as GA and RSM, took over expert systems and pattern recognition. GA is a type of search-based heuristic model that can solve difficult optimisation problems. Like ANN, RSM is a high-accuracy AI model for making predictions [49].



Figure 11 displays an AI keyword analysis, showing varying occurrences in bioenergy papers between 2012 and 2021. The size of the circle represents the number of times the word has occurred. As seen in the figure, ANN is the most frequently occurring keyword of AI technology. The rest of the AI technologies have all had varying mentions, but there has been an increase in their involvement in bioenergy research publications. According to the AI categories sorting method from the previous study [8], 53% of the presently searched articles in the 30 years used machine learning methods, with heuristics placing second with 24%. Symbolic AI methods covered 8% of the total research. However, the ratio of adopting symbolic AI was over 50% from 1991 to 2001. The rest of the 15% of the publications are hybrid and others. These observations imply the shift towards machine learning methods over the last 30 years. It could reach 75% if moving at the same rate in the next 20 years.





4. Conclusions


The present study investigated the AI technologies in bioenergy literature across 30 years through bibliometric analysis by concentrating on the research trends and the development of AI technologies. This work reveals the constant growth of this area in the upcoming years and concludes the following.



1. AI technologies in bioenergy research experienced an outbreak over the past ten years. India was the most productive country in this field, followed by China, Iran, and the US. AI technological breakthroughs and relevant policies promoted related research.



2. The research topic shows several distinctions between developed and developing countries. Developed countries initially dominated the field, and developing countries have begun to advance in the field. The former favour research on feedstock production, the supply chain, and impact evaluation, whereas the latter prefer phase treatment and process optimisation.



3. Co-authorship and institutes analysis showed minimal collaboration between authors and institutes in distant locations in this area. The two Iranian institutes contributed the most towards AI in bioenergy research by co-publishing. Meanwhile, the journal analysis shows strong links between Energy, Fuel, and Energy Conversion and Management. Authors concern more about the information inside than the cited journals or publications carriers.



4. Keywords analysis reflected the explosive growth of AI in bioenergy research. Machine learning dominates as the most used AI technology in bioenergy research, with 53% of papers adopting it, and ANN was the most frequent keyword in the publications.
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Figure 1. The overall trend for the number of publications in AI on bioenergy research. 
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Figure 2. Graphical representation of the most productive countries in AI in bioenergy research from 1991–2021. 
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Figure 3. The category ratios of using AI in bioenergy research for the top 5 countries worldwide. 
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Figure 4. The most accomplished authors in relation to number of publications and citations in AI in bioenergy research between the years of 1991–2021. 
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Figure 5. Co-authorship map of authors highlighting their contribution to AI in bioenergy research between the years before 2008 (a), 2009–2015 (b), and 2016–2021 (c). The maps in (a,b) had a minimum of 3 publications, and (c) had a minimum of 8 publications. 
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Figure 6. The most accomplished institutions in relation to the number of publications and citations in AI in bioenergy research between the years of 1991–2021. 






Figure 6. The most accomplished institutions in relation to the number of publications and citations in AI in bioenergy research between the years of 1991–2021.



[image: Energies 16 01235 g006]







[image: Energies 16 01235 g007 550] 





Figure 7. A citation map analysis based on the highest contributing institutions in AI in bioenergy research. Lines in between each institution represent an institution citing from another. The size of each node represents an institution’s contribution to the research. The colours of the nodes represent the location of the institutions. 
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Figure 8. Journals with the most publications and citations in AI in bioenergy research for the last three decades. 
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Figure 9. Citation map analysis displaying the collaboration between journals publishing AI in bioenergy research. The size of each node represents the number of publications published. The lines in between each node represent one journal citing from another. 
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Figure 10. The occurrence frequency of the most used keywords in AI in bioenergy research from 1992 to 2021 for every five years. 
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Figure 11. A graph showing the varying use of AI keywords in bioenergy research from 2012 to 2021. FL: fuzzy logic; ANN: artificial neural network, SVM: support vector machine, RF: random forest, BN: Bayesian network, GA: genetic algorithm, DE: differential evolution, PSO: particle swarm optimisation, ANFIS: adaptive neuro-fuzzy inference system and ABM: agent-based model. 






Figure 11. A graph showing the varying use of AI keywords in bioenergy research from 2012 to 2021. FL: fuzzy logic; ANN: artificial neural network, SVM: support vector machine, RF: random forest, BN: Bayesian network, GA: genetic algorithm, DE: differential evolution, PSO: particle swarm optimisation, ANFIS: adaptive neuro-fuzzy inference system and ABM: agent-based model.



[image: Energies 16 01235 g011]













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











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
amikabir @iv technol

\llamlc*d univ

)} \}
g

shongl g i uniesci & @hnol china
i pora
\
znoj i e Wt
nat ungngapore

chineséfBcad sci





media/file4.png
Germany e e O
Canada - © o O
UK |
Nigeria
Malaysia |- e O
Turkey r © o © o
Brazil e o ®© o O
USA - @ O
Iran O
China e o
India |- 'I' T T ,






media/file18.png
environmental §eience and poll
journal of cle,*r production

AN <
NARNBR] ‘energy soulr' art a-recovery
international jelurnal of hy* 2= S A\, R N
Rerohny ; : r/’d
f"\, ] ; . - '\ ’\‘ -~ 5 . g Pgeme
" -0 ! A= [ | B AN
Y e e e . 7 L
applae{ne(gy_;, A e renewablé energy
&KX U AN A
: SN chnology -
VI L ~—9 \
Wit? \ biomass convéfsion and biorefi
appliedvther’. engineering P | |
' J - \ .
. . . - T b, | )
industrial & engineering chemi I~ ~ environmental @ogress & susta

journal of theginal analysis an

energ& fuels





media/file21.jpg
EL
ANN
SVM
RF

BN
GA
DE
PSO
ANFIS
ABM

2014 2016 2018 2020

2012

Year





media/file3.jpg
Germany |- © ® - ece @cooe
Canada o ) ceococo @O0

UK c0 0000
Nigeria c0e°00000
Malaysia .o 0000000
Turkey ° o @0 o 0000200
Brazil e o © o @

Usa oo

Iran o

China ° o

wal__e: cee

S s






media/file22.png
L.

ANN

SVM
RF

BN
GA

DE

PSO

ANFIS

ABM

2016 2018 2020

2014

2012

Year





media/file19.jpg
20122010
Words amount=T75.






media/file7.jpg
Number of publications

S GPGLI I

Betore 2008

2092015

—tkcrons +-Gtstors

6.2

g 8

g

(S EE

Nomber of oations





media/file10.png
(a)

montaly@o, rafael
oliveira, jgfferson s.

\ -

daheleila

(b)

havryh’s@ssiliy
waskejipjoern__ [ M 5 F /

] ».5
». . kuemm’ tobnas
,!"stefa*i, O\

P F ‘

korol,‘lkolas /

>

i T B x
chaskovékyy, oleh " - .
sieb nika

hassan, r’gukl haji

sulltoﬁ q\lqa su§an o

seba a. h
dharntsurya '\\ . o y&

‘ﬁ@x anogéunnee ’(u 5’0 :

yuan mahln‘t m.i.

fnasj. h h.

mazal hodra

ammlkynab

kalar’ m. a.
mujtaba, m a.
shah, asad naeem

n

knqv =

s
" o
: ' ~l >|swatorc i

da costa, Iggnardo a. I,

suarez,..llo a.z.

- ramalﬁ.hugo f.

rubirggjoel .

brandao, ghristian r. r

oliveira,iflavia c. c.

bragina @ugenia v.

— 71 N
y S

7>\ prit{hchepeTlexanderv.
4 .

radel

= ’; 7# ¥

" schlerhh ﬂonan

3
.
| /

|/
ba uman‘matthlas

sharmaf@bhishek
singh/§fashvir

ubando, @ristotle €,
aniz, ria
-hsin

lin, ‘/mg

‘ch quang-vu

chen

olker c. A
e 4 o
; A\
alcanta@@, camilo

} .
') gnffbamck -’i‘ XA

]
_ h9§tgf~)atrick

r‘

f

muel!% daniel

neiafpog ghasem
mehrpooya, mehdi
. "“

mllovan‘nc,.mllos

aenlc ,mebojsa

yee, por lip
ghaziaskar, hassan s.

shamshirban‘hahaboddin

naﬁi.hman

karirﬁnadak, haleh





media/file14.png
amirkabir ’iv technol

isIamicRad univ
)

uni 2 :
_ ’ : tarbiat m@@ares univ

shanghai jigo tong univ univ sci & @hnol china

univ’laya
\

*afemi aWolowo univ

zhejiang univ =1 ;
natl institechnol -

natl univigingapore

chineséacad sci





media/file11.jpg
. - 1=
i -
! -t
i =1
0 - E
SIGERLIE LTIt 2
s g
PG ISR T I
jj ”; j}@?’i{;{?}fjfff





media/file6.png
India. 9% China. USA.

11% 16% 15%

33%
19%
38%
42%
0
22% 9%

Iran. Brazil.

ran. o, 16% razn1 4% 89,
35%

389 38% 30%

I Research on Feedstock production

[ Biomass conversion and process optimization

[ lUse Phase and post treatment

[ 1Bioenergy Supply Chain, social, environmental and economical research






media/file15.jpg
o 10912001 201200 2m2m

L
oo of catons

R
o Ao G ?}”};jﬁ f(,,z;;:’\ Vel





nav.xhtml


  energies-16-01235


  
    		
      energies-16-01235
    


  




  





media/file16.png
160

140 - 1991-2001 2001-2011 2011-2021
120 A
w)
c
©
!
g 100 -
Q
=]
Q  gp -
>
o
.
g 60
S
S
pd
40 1
20 -
T I S
& a2 5 o e e N - I > &S @ )
c‘ﬁ:‘é ¥ \\3,-6@0@ @?‘é‘ c’i‘ééoca? e‘?\ < &€ @?‘é < Q,Cégqgsﬁ"&o &“6\ At ‘?QQQ,&QJ Q{\\'b& & 5‘0®Q'§& @ &
@ ) : g P & @ e 2 D : & AT~ LTe
o SN E N E S F '@ T S O o & & G TS o
& NFELE T & FEE e TSI IR
5 el o . G N (%) Y
¥ F & NS 3 ¥ & & P » T & &
& S P < s & © & (8
?9 s C}\@ L s é® o (JO (QQ\?J s <

mmm Publications -e—Citations

3000

2500

2000

1500

1000

500

Number of citations





media/file2.png
250

200 r

I !
o o
() o
-— —

suoneolgnd Jo JaquinN

50






media/file20.png
_":’." T e
Bm s Pattern Recosg"""’“ -
c eria =t L oEeLSY St
ectror metry..

Artl c|'m|‘:a:' 'Nelra _Network
ldq'“’" Cation:

en’tlﬁca

1992-1996
Words amount=62

S stem
Mim‘ﬁtétlgﬁ”

nae i‘c'g igestion St Ao

2007-2011
Words amount=252

ol momlde iflC s,
W‘:'M‘% ,Modellmg%; 3%'7‘-;%,

Angérdbic Digéstion modeliing
““Artificial Nét ur%ﬁt%m

Cmﬁmmt‘“en 1t Systeme

=) p“é%ifbﬁ‘iet??é’&f“.ﬁ?:.’m"-"‘—

1997-2001
Words amount=104

2012-2016
Words amount=775

Kdemification
. Anmcm Neural Network Bactona

»-«Anaero bic Dlges ug{
Bmeﬂibe FuzzyLogchOd .lng""""
spy MS Genetic Al
-Artlﬂc1ai Neural etworlg
gz.m ICorts

Bactéria's”
Modemﬁa:..PleYS' Pyr'ST{;sis
25 Identification

mldentlﬁ‘é'étlon“ Afficat

2002-2006
Words amount=99

2017-2021
Words amount=2648





media/file5.jpg
India. 40 go China, 5% USA
33%
19%
38%
42%
50% 22% 9%
ran. oo som Bhag,

35%
38%38% 30%

I Research on Feedstock production

iomass conversion and process optimization

(I Use Phase and post treatment

[ Bioenergy Supply Chain, social, environmental and economical research






media/file1.jpg
@
2
S

150

100

F T i i S et






media/file12.png
SUOIe1ID JO Jagquinp

o o o o
o (o] o o [an] (o] (=] (]
o =t [t o o (o] (=] (-]
— — — — o w = [ o
o
=
[
&
- /
—
(o]
[N
m
o
o
. —
i
o
B
3 o
S
oJ
o
o
S
= |
[ ]
1
— I
&
— .
—
T T T T T 1
[an] o o o [an] o o
o (Tp] =t (951 (oY) —

suonealignd Jo JaquinN

= Publications -e—Citations





media/file9.jpg
(@ pEp—
oot e

s T

e

L
- eman
=
) T
it
oy
S
i
oy





media/file0.png





media/file8.png
Number of publications

Before 2008

AR
Q~,\§.-\"

2009-2015

“ &5 9
> 8o

N
\\\ ,{?{b %-.\
P

\;\
N o
Q"S\

mm Publications —e—Citations

2016-2021

900

800

700

600

500

400

300

200

100

Number of citations





media/file17.jpg
ermwnm\mmdm\'
ol ofcloggor rosiction.
WA

nematonai el of iy |~
SA

‘appli

coptes g erancera

indusial & en@ineeing chemi
Joumatof rera s an

~ environmental ogress & susta






