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Abstract

As the global energy landscape shifts towards sustainable, bioenergy, especially from agricultural
by-products, emerges as a promising alternative to reduce reliance on fossil fuels. This thesis
investigates the optimisation of bioenergy systems in rural Chinese regions through the integration
of Artificial Intelligence (Al) technologies and Geographic Information Systems with Multi-Criteria
Decision Analysis (GIS-0&'$ 7KH UHVHDUFK IROORZV D ORJLFDQO3SURJUF
concepts: Potential, Prediction, and Position. In Chapter 2, Al models, including Artificial Neural
Networks (ANN) and Support Vector Machine (SVM), are systematically reviewed for their role in
enhancing biomass detection and optimising production processes. Chapter 3 applies these Al tools,
specifically Backpropagation Artificial Neural Networks (BP-ANN), to estimate bioenergy potential
from crop residues, such as rice, maize, and wheat, under various climate scenarios by 2030. Key
findings indicate that bioenergy output could decrease by 11% without effective climate mitigation,
while moderate climate control could significantly increase output, particularly for rice residues.
Building on these findings, Chapter 4 presents a case study in the Jianghan Plain, a rural region in
China, which integrates these Al-based bioenergy potential forecasts into a GIS-MCDA framework.
This approach identifies 45-66 optimal bioenergy plant sites, strategically located to maximise energy
output while minimising environmental impacts. Chapter 5 broadens the scope beyond bioenergy,
exploring how renewable energy communities (RECs) can leverage innovative techniques like Al
and GIS-based approaches for comprehensive resource management, providing a forward-looking
perspective on rural energy resilience and development.

Overall, this thesis highlights the transformative role of Al and GIS-MCDA in addressing bioenergy
resource variability and optimising rural energy infrastructure in response to climate change. Future
research should focus on applying these tools to broader renewable energy systems, refining their
integration with socio-economic and environmental factors to facilitate holistic energy planning and

sustainable development in rural areas.



Riassunto

Con larichiesta di una maggiore sostenibilita energetica, la bioenergia, in particolare quella derivata
dai sottoprodotti agricoli, emerge come una promettente strategia per ridurre la dipendenza dai

FRPEXVWLELOL IRVVLOL 4XH V %ideWdHsisteni Qid@medgbtio/ el egiBrwiial P L] D
FLQHVL DWWUDYHUVR OfLQWHJUD]LRQH GHO OHGWHHFELR/ORIRH QLR q

*HRJUDILFL FRQ OT%$QDOLMCDAXaWIitdrdd LsdgheUunR pragréssione logica
aaWUDYHUVR L FROBRWWQR]J&GDA®H 3UHGL]JLRQH H 3RVL]LRQH

cui le Reti Neurali Artificiali (ANN) e le Macchine a Vettori di Supporto (SVM), sono esaminati
sistematicamente per il loro potenziale ruolo nel migliorare la rilevazione della biomassa e
nell'ottimizzazione dei processi di valorizzazione energetica. || Capitolo 3 applica questi strumenti di
IA, in particolare le Reti Neurali Artificiali a Propagazione Inversa (BP-ANN), per stimare il potenziale

bioenergetico dai residui colturali, come riso, mais e grano, sotto diversi scenari climatici entro il

1HO &C

, SULQFLSDOL ULVXOWDWL LQGLFDQR FKH GDPEQRGNXH. R

senza una mitigazione climatica efficace, mentre una mitigazione climatica moderata potrebbe
aumentare significativamente la produzione, in particolare dai residui di riso. Basandosi su questi
risultati, il Capitolo 4 presenta un caso studio applicato alla Pianura di Jianghan, una regione rurale
della Cina, integrando le previsioni del potenziale bioenergetico basate sull'lA all'interno di una
analisi GIS-MCDA. Questo approccio ha identificato 45-66 siti ottimali per la localizzazione di
impianti bioenergetici, strategicamente posizionati per massimizzare la produzione energetica e
minimizzare gli impatti ambientali. I| Capitolo 5 amplia I'ambito della ricerca, esplorando come le
comunita energetiche rinnovabili (REC) possano sfruttare tecniche innovative, come I'IA e gli
approcci basati su GIS, per una gestione integrata delle risorse, offrendo una prospettiva
lungimirante sulla resilienza energetica e lo sviluppo delle aree rurali.

Nel complesso, questa tesi evidenzia il ruolo trasformativo dell'lA e del GIS-MCDA nella gestione
della variabilita delle risorse bioenergetiche e nell'ottimizzazione delle infrastrutture energetiche
rurali in risposta ai cambiamenti climatici. Le ricerche future dovrebbero concentrarsi
sull'applicazione di questi strumenti a sistemi energetici rinnovabili pit ampi, migliorandone
l'integrazione con fattori socio-economici € ambientali, per facilitare una pianificazione energetica

olistica e promuovere uno sviluppo sostenibile nelle aree rurali.



1. Introduction
1.1. Background

The global energy landscape is currently dominated by fossil fuels, accounting for approximately 84%
RI WKH ZRUOGTV HQH(Dasi-CGrésap\eX&. S2VA3RMpgan et al., 2023). This reliance
contributes significantly to environmental challenges, including the emissions around 33 billion
metric tons of carbon dioxide (CO2) annually.

As the world grapples with escalating energy demands driven by population growth, projected to
reach 9.7 billion by 2050, and expansive industrial activities, the transition to renewable energy
sources becomes crucial (IEA, 2021, 2023; UNDP, 2021). This shift is essential for addressing the
urgent challenges of climate change and resource depletion and ensuring long-term sustainability
and energy security (Halama, 2022; Nassar et al., 2024).

Within the renewable energy portfolio, biomass energy stands out due to its unique ability to integrate
organic waste materials into energy production matrix. Annually, the biomass sector globally
contributes about 14% to the total renewable energy supply, utilising material such as agricultural
residues, forest debris, and even municipal waste (Quirapas Franco and Taeihagh, 2024;
Sokolnikova et al., 2020). The versatility of biomass enables it to play a duel role in energy production
and environmental management, transforming by-products that would otherwise contribute to landfill
mass and methane emissions into valuable energy resources (Bondeau et al., 2007).

7KH SRWHQWLDO RI ELRPDVYVY HQHUJ\ DOLJQV ZLWK WKHRBODQWHG
(SDGs), particularly SDG 7 (Affordable and clean energy), which advocates for affordable, reliable,
sustainable, and modern energy for all by 2030 (Adamu et al., 2023; Willett et al., 2019). Among
these, agricultural by-products and livestock manure are especially important in rural regions, as
they are abundant, renewable, and can be transformed into bioenergy. The SDGs emphasise
reducing the global carbon footprint and enhancing energy security through sustainable energy
sources, setting a global agenda actively pursued by regions such as Europe and, increasingly,
China (Barbera et al., 2022).

In Europe, the Renewable Energy Directive (RED) sets an ambitious target to achieve a 32% share
RI UHQHZDEOH HQHUJ\ VRXUFHV LQ WKH (8TV HQHUJ\ PRQHAE), ZL
2018, 2021; Eurostat., 2020). This directive not only aims to reduce dependence on energy imports
but also to diversify the energy resources. For instance, in 2020, biomass and waste accounted for
approximately 59% of renewable energy consumption in the EU, underscoring its critical role in
achieving climate neutrality by 2050 (EU, 2021).

6LPLODUO\ &KLQDTVY DSSURDFK WR UHQHZDEOH HQHUJLYHO/L WR/ Z
combat climate change The Chinese government has committed to peaking carbon emissions before
2030, and achieving carbon neutrality by 2060 (Chen, 2012; Kriegler et al., 2018; Li, 2022). This

commitment has spurred various initiatives, including significant investments in biomass. In rural and



agricultural regions of China, biomass is pivotal in contributing to the national energy grid, supporting
rural economies and promoting sustainable agricultural practices (Liu et al., 2023; Nie et al., 2022).
Developing bioenergy villages and integrating bioenergy systems into the agricultural sector
H[HPSOLI\ &KLQDfV HIIRUWV WR OHYHUDJH ORFDO ELRRDHWWI\UHYV
independence and sustainability, contributing to the rural economy by transforming agricultural
waste into bioenergy, thus reducing agricultural waste disposal costs and generating income for
farmers (Ferrari et al., 2022b; Quirapas Franco and Taeihagh, 2024; Raimondi et al., 2024).
Despite its advantages, the utilisation of biomass as a sustainable energy source encounters several
challenges or research gaps. Firstly, the sustainability of biomass resources raises concerns about
the ecological impacts of extensive biomass extraction, including deforestation and biodiversity loss
(Sonter et al., 2020; Spawn et al., 2020). The efficiency of conversion technologies is another hurdle,
as many existing methods do not fully exploit the biomass energy potential (Anderson et al., 2013;
Tanger et al., 2013; Uddin and Wright, 2022). Furthermore, biomass extraction and transportation
can lead to substantial land-use changes, contributing to habitat loss and further biodiversity declines
(Ferrari et al., 2021). Another challenge is the geographical distribution of biomass resources, which
can be sparse in some regions, complicating logistics and increasing transportation costs (Ferrari et
al., 2022a; Liu et al., 2023). This is not only affects the economic viability of biomass projects but
also increases their carbon footprint, potentially offsetting some of the environmental benefits of
biomass energy.

Moreover, the advancements in Artificial Intelligence (Al) and Geographic Information System Multi-
Criteria Decision Analysis (GIS-MCDA) provide potent solutions to overcome the hurdles in biomass
utilisation (Drucker et al., 1997; Elavarasan, 2020; Ferrari et al., 2022a; Ferrari et al., 2022¢; Wen et
al., 2021). Al can significantly enhance the biomass supply chain, making it more efficient and cost-
effective. Specifically, predictive models using Al, like Random Forest (RF) and Support Vector
Machines (SVM), are adept at predicting the availability of biomass resources (Al-Mejibli et al., 2020;
Chen et al.,, 2020; Hengl et al., 2018). These algorithms analyse historical data and current
conditions to forecast biomass output with high accuracy, facilitating better resource management
and energy planning. Additionally, GIS-MCDA is increasingly employed to effectively manage and
optimise the locations for bioenergy production facilities (Ghose et al., 2019; Jeong, 2018). It
combines spatial data with evaluative criteria to determine the most advantageous sites for
development, taking into account environmental, social, and economic factors. This method is crucial
for addressing the spatial and logistical challenges associated with the distribution of biomass
resources.

In the realm of bioenergy production, Artificial Neural Networks (ANN) and Long Short-Term Memory
(LSTM) networks are instrumental in optimising conversion processes (Lv et al., 2018). These deep-
learning models process data from various sensors within bioenergy plants to fine-tune operation

parameters, enhancing energy yield and reducing agricultural waste (Lecun et al., 2015). For



example, LSTMs can analyse temporal data from the production process to predict the best times
for maintenance, thus avoiding unexpected breakdowns and costly repairs (Han et al., 2024).
Moreover, the integration of Convolutional Neural Networks (CNN) in image processing application
helps in biomass feedstock classification and quality assessment (Zhang et al., 2022). This
application is particularly valuable in pre-processing stages where the quality of biomass significantly
influence the efficiency of the conversion process. Besides, Decision Support Systems (DSS)
powered by Al are also becoming increasingly common in the bioenergy industry (Acheilas et al.,
2020; Barbera et al., 2022). These systems use a combination of models, including Decision Trees
(DT) and Gradient Boosting Machines, to support decision-making processes related to biomass
logistics (Chakraborty et al., 2019; Patil et al., 2023). From optimising routes for transportation of
biomass feedstocks/ products to scheduling harvests to maximise yield, DSS help streamline
operations across the bioenergy supply chain.

The implementation of these Al technologies not only bolsters the efficiency of biomass use but also
contributes to a more sustainable energy landscape. For example, (Zhao et al., 2020) utilising ANN
and SVM models demonstrated a 20% increase in predictive accuracy for biomass availability
compared to traditional methods, and that overall classification accuracy of biomass feedstock
extraction (i.e., rice straws) was over 90%, leading to more precise supply chain management and
reduced operational costs. Thus, by leveraging these specific Al tools and models, the biomass
sector can enhance its sustainability, mitigate environmental impacts, and position biomass as a
more competitive component of the global renewable energy portfolio. Thus, the adoption of Al not
only drives efficiency but also supports the broader adoption of bioenergy solutions in a variety of

contexts, from rural to industrial applications.

1.2. Research questions and objectives

Sustainable development and the integration of Al in biomass energy systems are increasingly
pivotal in global energy strategies. This thesis investigates several crucial questions that are

fundamental to understanding and enhancing bioenergy systems in rural areas:

X +RZ FDQ $, WHFKQRORJLHVY HQKDQFH ELRPDVW WHR® L\QLB YU B0 A
DQG ZKDW DUH WKH LPSOLFDWLRQV IRU VXVWDLQDEOH HQHUJ\ V
x :KDW LPSDFW ZLOO FOLPDWH FKDQJH KDYH RQ ELRHQHW ISURG
&KLQHVH UHJLRQV E\ DQG KRZ FDQ $, EDVHG WS\DWDLVDIDJ DIQ\D"O
X +RZ FDQ D *,6 0&'$ DSSURDFK LQIRUPHG E\ VS RESMWHRMMHCE KU DV Q
RI ELRHQHUJ\ SODQWYV WR PD[LPLVH HQYLURQPHQWDO VRFLDO
X :KDW DUH WKH NH\ GHYHORSPHQWDO WUDMHFWRULHYVY DFEKIHO O H (
HQHUJ\ FRPPXQLWLHVY LQ UXUDO DUHDV DQG KRZ FDQ WKHVH FR

DQG UXUDO HQHUJ\ GHYHORSPHQW"



The general objective of this thesis is to elucidate the role of Al and spatial analyses in enhancing
the efficiency and sustainability of bioenergy systems. Specifically, this study focuses on leveraging
agricultural by-products and livestock manure as key feedstocks in a Chinese region. Specific

objectives include:

x 7R VA\VWHPDWLFDOO\ UHYLHZ DQG DQDO\VH WKH DSSOLFDWLRQ

ELRPDVV VIVWHP PDQDJHPHQW KLJKOLJKWLQJ LQQRYDWLEDEFLW
7R HPSOR\ $, PRGHOV IRU SUHGLFWLQJ IXWXUH \GIHHUH@®W RO [ER
FRQGLWLRQV LQ &KLQHVH UHJLRQV DLPLQJ WR CSSNRIYLKS HF (DL R/DV
UHVLOLHQFH LQ ELRHQHUJ\ SURGXFWLRQ

7R GHYHORS DQG DSSO\ D FRPSUHKHQVLYH *,6 0&'$ IUDPRIZRUN
ELRHQHUJ\ SODQWV XVLQJ FULWHULD WK DW HRRMHRIFLIFWH. Bi BLYQ IV
VRFLDO HTXLW\

7R FRQGXFW DQ LQ GHSWK DQDO\VLV RI UHQH ZD E OGIHY®IIDRD PRHRPW
WKH FKDOOHQJHV WKH\ IDFH DQG HPHUJLQJ W UMHFG\D QR SSUHAW

LQ UXUDO HQHUJ\ VA\VWHPV

Generally, by addressing critical questions regarding the integration of Al and GIS-MCDA in biomass
energy systems, this thesis not only aims to enhance the operational efficiencies but also to
contribute significantly to environmental sustainability. Moreover, this thesis specifically focuses on
high-yield agricultural by-products such as crop residues (e.g., rice, maize, and wheat straws) and
livestock manure (e.g., from pigs, poultry, and cattle) in Jianghan Plain, China. These feedstocks
were chosen for their significant bioenergy potential, regional availability, and compatibility with
existing bioenergy conversion technologies. However, other potential feedstocks, such as urban
organic waste and agri-food industry residues, were excluded due to data availability constraints and

the focus on rural agricultural contexts.

The objectives of this thesis are designed to push the boundaries of what is currently achievable,
informing policy decisions and offering practical insights that can lead to local improvements in how
biomass resources are managed and utilised. Ultimately, the findings of this thesis are expected to
provide robust framework that cam guide future efforts in the renewable energy sources in both

scientifically informed and strategically implemented.

1.3. Basic operating principles of Al systems used in this thesis
This thesis leverages a variety of Al systems and platforms to address key challenges in bioenergy
research. These tools, reviewed in Chapter 2 and applied in the original studies presented in

Chapters 3 and 4, play pivotal roles in detecting biomass potential, forecasting bioenergy availability,



and optimising bioenergy plant locations. Below, the specific Al systems and their applications within

this thesis are outlined:

Backpropagation Artificial Neural Networks (BP-ANN):

A key focus in this thesis, BP-ANN is a type of feedforward neural network (FFNN), reviewed in
Chapter 2, and applied in Chapter 3 to predict the net primary productivity (NPP) of crops. These
models learn through the backpropagation algorithm, which iteratively adjusts weights in the network
to minimise prediction errors. In Chapter 2, BP-ANN was identified as one of the most effective tools
for forecasting agricultural biomass yield due to its ability to integrate diverse datasets, such as
historical yield data and climate variables. This capability was demonstrated in Chapter 3, where BP-
ANN models provided accurate predictions of future NPP values under varying climate change
scenarios, offering critical insights for bioenergy planning.

Clustering and Classification Algorithms:

For spatio-temporal stability analysis of biomass resources, Chapter 4 employs four clustering and
classification algorithms, i.e., K-Means, Hierarchical Clustering (HC), Quantile-Based Binning (QB),
and Decision Trees (DT). These algorithms were adapted to classify crop stability and identify
regions with consistent biomass availability across Chinese regions. Moreover, the application of
these algorithms builds directly on the methods reviewed in Chapter 2. K-Means, HC, QB, and DT
were identified in the literature as effective tools for spatio-temporal analysis in bioenergy research.
Their deployment in Chapter 4 demonstrates their practical utility in addressing real-world challenges,
translating theoretical insights into actionable strategies for optimizing biomass resource stability.

Below is a detailed account of their roles and implementation in this chapter:

X . OHDQV &OXVWHULQJ . OHDQV DQ XQVXSHUYLVHG GNINHWQVQE\D

PLQLPLVLQJ LQWUD FOXVWHU YDULDQFH ZKLOHQPRKIPIWH@J LQ\
OHDQV ZDV DSSOLHG WR FODVVLI\ SL[HO OHYHO FURSDQWDERD LW
EDVHG RQ IUHTXHQF\ GDWD 7KH (OERZ OHWKRG ZDV XWHQ3 WR
FOXVWHUV HQVXULQJ SUHFLVH FDWHJRUL]DWLRQ RI FURS VWDE
+LHUDUFKLFDO &OXVWHULQJ +& +& EXLOGVWRWURK SO GNDW B \EW
EDVHG RQ WKHLU SUR[LPLW\ 8VLQJ :DUGTV GLVMXDHIFGIHBVQB VO
SDWWHUQV ZLWKLQ WKH FURS VWDELOLW\ GDWD FH@&KDIM¥D QJ DW
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The outputs from these algorithms were integrated into GIS tools, including Spatial Analyst and Zonal
Statistics, to generate high-resolution stability maps (~1km) (Chapter 4). These maps visualised the
spatial and temporal distribution of crop stability, identifying regions with high stability (e.g., rice
straws collected in Chinese regions like Gongan and Shayang) and areas requiring targeted
interventions (e.g., low-stability regions identified through QB and DT analyses). Validation through
correlation analysis (R? > 0.77) between spatial and temporal stability metrics demonstrated the
reliability of these algorithms in capturing biomass availability patterns. By integrating the clustering
and classification outputs with decision-making frameworks, this study effectively transforms stability
metrics into actionable recommendations for biogas plant siting. The analysis ensures that selected
sites align with current biomass availability and long-term resource stability, providing a robust

foundation for developing sustainable bioenergy systems in Jianghan Plain.

Multi-Criteria Decision Analysis (MCDA) Tools as Decision Support Systems (DSS):

While not a strict Al model, MCDA tools are categorised as Al platforms in the comprehensive review
(Chapter 2). These tools facilitate decision-making by integrating multiple evaluative criteria, e.g.,
environmental, social, and economic factors. In Chapter 4, MCDA tools were crucial for determining
the optimal locations for bioenergy plants by incorporating spatio-temporal stability maps with
decision-making criteria. This integration exemplifies how Al platforms, as defined in Chapter 2, can

provide robust frameworks for planning and policy development in bioenergy systems.

These Al systems and platforms are interconnected throughout the thesis. The literature review in
Chapter 2 provides a foundation for their application, while Chapters 3 and 4 demonstrate their
practical utility in advancing bioenergy research. By integrating Al-driven methodologies with GIS
and spatial analysis, this thesis delivers innovative solutions for biomass detection, bioenergy

potential prediction, and plant location optimisation.

1.4. Framework and integration of the bioenergy research concepts

The objectives and the themes presented in the introduction result from research work and analysis

of the scientific literature that has demonstrated the growing interest in bioenergy in recent years.



Based on the results of this review work on biomass detection, production, and energy usage in rural
DUHDV &KDSWHU LW KDV GHFLGHG WR GHYHORS W BRWHRPMWRUY
Prediction, and Position) concepts:

Xx 3BRWHQWWDOLVLQJ VDWHOOLWH GDWD DQG VWDWLVNWHFBDIORPRQRDOD
SURGXFWLRQ

X 3UHGLFWHRKQUDJLQJ $, PRGHOV WR IRUHFDVW DQG RSWLPLVH E
FRQVXPSWLRQ DQG VWUDWHJILF SROLF\PDNLQJ

X SBRVLWLRQOXDWLQJ RSWLPDO ORFDWLRQV IRU ELRHQHUJ\ SOD
PDSSLQJ DQG 0&'$ PHWKRGV

The first concept involves collecting data on agricultural by-products in the study areas and
developing methods to estimate the biomass content of high-yield agricultural by-products, such as
crop straws (e.g., rice, maise, wheat) and livestock manures (e.g., pig, poultry, cattle), for mapping
biomass distribution in rural areas.

This research was conducted through two approaches. One approach utilises spatial analysis; by
applying remote sensing tools and satellite databases, we detected the crop planting areas. After
creating crop masks, these crop maps serve as the foundation for estimating bioenergy potential
from crop straws. The second approach uses recorded data, such as statistical data. In addition to
crop yields, the statistical data can include agricultural conditions (e.g., electricity use, fertiliser
application, and labour), which significantly affect farming practices. Furthermore, these datasets
include livestock production, which is a key source for calculating livestock manure.

The second concept focuses on forecasting and maximising the bioenergy potential. Leveraging
advanced Al techniques, the goal is to improve accuracy in predicting biomass production and
energy output. In particular, the thesis applied Backpropagation Artificial Neural Network (BP-ANN)
models to predict the net primary productivity (NPP) of crops (e.g., rice, maise, and wheat) in Chinese
rural areas (as shown in Chapter 3), by analysing historical crop yield data and integrating it with
climatic variables. Al models offer insights into future biomass potential under various climate
scenarios. This research also explores the impact of temperature control strategies and CO;
mitigation on bioenergy production, providing policy guidance for sustainable energy planning. In
DGGLWLRQ WR SUHGLFWLRQ PRGHOV RXUDOGWW DDOHK®& M UHIYHH R | §
detection, production/process, and usage of agricultural biomass through techniques like ANN
coupled with metaheuristic algorithms and hybrid models, highlighting the role of prediction models
in both enhancing energy output and addressing the challenges posed by fluctuating climatic
conditions, biomass availability, and energy demands.

The third concept centred around assessing the optimal locations for bioenergy plants. The
methodology ensures the efficient allocation of resources, e.g., crop residues and livestock manure,

in bioenergy production. We explored the integration of GIS-MCDA to evaluate the spatial distribution



of bioenergy resources and determine the most suitable sites for biogas plants (Chapter 4). By
applying criteria, e.g., biomass availability, transportation costs, proximity to demand centres and
environmental impacts, this thesis develops a comprehensive framework for planting siting. This
framework is crucial for maximising energy production while minimising operational costs and
environmental impacts. Moreover, spatial analysis, combined with Al-based forecasting, also plays
a pivotal role in assessing the long-term viability of bioenergy sites, as seen in the evaluation of crop
and livestock stability maps (Chapter 4). This theme emphasises the importance of strategic
positioning in rural energy planning, as it directly influences the efficiency of the bioenergy supply
chain and the overall success of bioenergy initiative.

The concepts with research structure are represented graphically in Fig. 1.1. The figure illustrates
WKH LOQOWHUFRQ®RRWHSWY DV WKH JXLGLQJ IUDPHZRUN RI
concepts are derived from and connected to the detection, production/process, and usage phases
of agricultural bioenergy systems (Chapter 2). Each concept is mapped to specific research articles
and conference proceedings, creating a clear pathway from foundational studies to applied research:

WKLV \

JRU 33BRWHQWLDO" WKLV FRQFHSW LV EXLGWRI/IHRPYVWSKHD GHIW H RPMWIIRAF

identifying and estimating the availability of bioenergy resources. The exploration begins with a
conference presentation (Mapping Paddy Rice for Bioenergy Potential Combining Multi-Temporal
Vegetation Indices), which utilised satellite imagery and vegetation indices to detect paddy rice
biomass and assess its energy potential. This early-stage study laid the groundwork for Chapter 3,
where Al-based spatial analyses predicted future bioenergy potential under different climate
scenarios. Additionally, another conference proceeding (Synergising Livestock and Agricultural By-
Products for Bioenergy Production) extended this work by integrating livestock manure into the

analysis, creating a more comprehensive assessment of bioenergy resources.

JRU 33UHGLFWLRQ" WKH SUHGLFWLRQ FRQFHSW EULGJHW MWXYRO®YRI(

forecasting future bioenergy potential and addressing climate-related impacts. Chapter 3 plays a
central role here, applying Al-based models, such as Backpropagation Artificial Neural Networks, to
predict net primary productivity (NPP) of key crops (e.g., rice, maize, and wheat) under various
climate change scenarios. By integrating findings from earlier conference work and current spatial
analysis, the chapter provides actionable insights into mitigating potential declines in bioenergy
production due to climate change.

) R WPosition ” the position concept is centred on optimally locating bioenergy plants to maximise
environmental, social, and economic benefits. This concept emerges from production/process and
is operationalised in Chapter 4, which employs a GIS-MCDA approach. Using spatio-temporal
stability maps from previous studies, the chapter identifies the most suitable locations for bioenergy
facilities. Criteria, like resource availability, transportation costs, and socio-environmental impacts,
are considered, ensuring practical implementation of the prediction results from Chapter 3 and the

foundational data from the conference proceedings.
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In addition, four of these are the main research articles, with three, i.e., Chapters 2 (Shi et al., 2023a),
3 (Shi, Zhan et al., 2024a), and 4 (Shi, Zhan et al., 2024b), published during the doctoral period,
while Chapter 5 is currently under review. Furthermore, each subsequent chapter is deliberately
structured to build upon the findings of the previous one, creating a logical progression that supports

the objectives outlined in the introduction, and Fig. 1.1 also outlines the logical progression of the

thesis:
Chapter 2, Shi et al. (2023a): Artificial Intelligence for Biomass Detecti on, Production, and
Energy Usage in Rural Areas: A Review of Technologies and Applications. Chapter 2 reviews

Al methodologies for biomass detection, production, and usage, establishing the technological
IRXQGDWLRQ -BR UF RMXAHNRisNG the discourse, Chapter 2 lays the technological
groundwork by detailing Al methodologies relevant to biomass systems, i.e., detection,
production/process, and usage, which has been published in the journal Sustainable Energy
Technologies and Assessments. This comprehensive review responds directly to the first research

guestion about enhancing biomass operations through Al. Also, it sets a critical foundation for



employing these technologies in predictive modelling. It underscores the potential of Al, especially
ANN algorithms to transform raw data into actionable insights, which is pivotal for the predictive tasks
undertaken in Chapter 3.

Chapter 3, Shi, Zhan et al. (2024a): Bioenergy Potential from Agricultural By-prod uct in 2030:
An Al-based Spatial Analysis and Climate Change Scenarios in a Chinese Region . With the
groundwork laid in Chapter 2, Chapter 3 leverages Al to project biomass potentials under future
climate scenarios in a targeted geographical area. The predictions made here are crucial: they
provide a scientifically robust basis for the GIS-MCDA applications in Chapter 4. This chapter
answers the 2" research question by forecasting impacts and identifying potential mitigation
strategies through spatial analysis, thus preparing the terrain for precise and strategic geographical
decision-making. This research has been published in the Journal of Cleaner Production.

Chapter 4, Shi, Zhan et al. (2024b): Assessment of Bioenergy Plant Locations Using a G IS-
MCDA Approach Based on Spatio-temporal Stability Maps of Agricultural an d Livestock
Byproducts: A Case Study . Chapter 4 capitalises on the forecasts made in Chapter 3, applying
GIS-MCDA to integrate these predictions with real-world geographical and socio-economic data to
identify optimal plant locations. This approach embodies the 3¢ UHVHDUFK TXHVWLRQT)\
demonstrating a direct causal link: accurate, Al-enhanced forecasts improve the reliability and
effectiveness of spatial decision-making tools, leading to better-aligned outcomes with
environmental, social, and economic goals. The data-driven insights from Al models ensure that
GIS-MCDA is not only reactive but also proactive in planning. This research has been published
journal The Science of The Total Environment.

Chapters 3 and 4 sequentially address 33RWHQWLDO”™ DQG 33RVLWLRQ ~ LQWHJUDMW
GIS-MCDA frameworks to provide region-specific bioenergy solutions.

Chapter 5: Renewable Energy Communities in Rural Areas: A Comprehensive Overview of
Current Development, Challenges, and Emerging Trends. Finally, Chapter 5 synthesises the
technological applications and strategic findings from the previous chapters to address broader
socio-economic themes. This chapter illustrates the practical ramifications of integrating Al and GIS-
MCDA into the fabric of rural communities, showing how these technologies can be embedded in
real-world settings to promote sustainable development and enhance energy security. The narrative
arc from technological innovation to strategic implementation culminates in three developing stages,
showcasing how advanced technologies can facilitate the socio-economic transformation of rural
areas. Furthermore, this chapter not only concludes the current research but also sets the stage for
future studies. It lays a robust groundwork for exploring renewable energy communities within rural
settings over the coming years, aiming to expand on the insights gained and to explore new
opportunities for sustainable growth and integration. This work has been submitted to Journal of

Cleaner Production, and is currently under review.



Thus, the thesis evolves from foundational Al techniques (Chapter 2) to applied research on
bioenergy systems (Chapters 3 and 4) and culminates in a comprehensive overview of rural energy
communities (Chapter 5). This progression illustrates the interconrne FWHGQHV V- Rl MRKQHFFH SWYV

and their practical application in addressing global energy challenges.

Notably, to streamline the review of references, each chapter (from Chapter 2 to Chapter 5) of this
thesis includes its own reference list. However, the references for the introduction (Chapter 1) and

discussion (Chapter 6) are compiled together at the end of the thesis in a separate Chapter 7.

1.5. Preliminary work

Fig. 1.1 illustrates the concept of 33RWHQWLDO"~ KLJKOLJKWLQJ DGGLWLRQDO
feedstock detection. This concept links closely to the discussion in Chapters 2 and 3, particularly the
satellite datasets introduced in Chapter 2, which are not further mentioned in the subsequent chapter.
These initial studies form the foundation of our research, and some of the results have been used in
published articles. The results were recorded in conference proceedings or given in the oral

presentation, under the following titles:

x 6KL HW DO 30DSBLQJ 3DGG\ 5LFH IRU %LRHQHUJ\ 3BRWHQWLDO
9HJHWDWLRQ ,QGLFHV $ &DVH Y8MX®R\S H B QHY HRPDNG BWQIHUHQFH
(8% & ( LQ %RORJQD ,WDO\

x 6KL HW DO3%6\QHUJLVLQJ /LYHVWRFN DQG $JULFXOWXUDO %\ 3UR
$Q ,QWHJUDWHG <HDU )RUHFDVW 8VLQJ $UWLILFLIIDONY®WHOO
(8% & ( LQ ODUVHLOOH )UDQFH

To estimate the biomass potential in paddy rice, the accurate crop planting area maps are the
essential. Shi et al. (2023b) presented at the first conference to introduce a method to delineate
paddy rice areas using a threshold-based approach with six sets of optical vegetation indices,
namely Normalised Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and
Land Surface Water Index (LSWI), on Google Earth Engine platform. Additionally, 26 sampling fields
in Jianghan Plain, China, were labelled. The analysis process was illustrated in Fig. 1.2. The results
highlight a matching accuracy ranging from 48% (NDVI + EVI) to 81% (EVI + LSWI), with an
estimated annual production of approximately 6.6-9 billion kg. The biogas potential of this production
could reach up to 10.3 billion kWh per year. This significant potential was referenced in subsequent
work, and Chapter 3 has revisited the related research.

At the second conference, Shi et al. (2024) showcased a pioneering study on using agricultural and
livestock by-products for bioenergy production. As the workflow in Fig. 1.3 illustrated, we detailed a

20-year forecast using deep learning to evaluate the bioenergy potential from agricultural waste in



Jianghan Plain. By integrating diverse datasets, including climate and environmental data, satellite
imagery, policy directives, and field surveys, this work employed ANN for precise bioenergy potential
prediction in crop residues (rice and wheat) and future trends in manure production (pig and poultry).
Additionally, the ANN model used in this work is related to the BP-ANN models which is in detail
discussed in Chapter 3, and the field surveys were conducted in the same period of the first
conference work. Results indicate an average annual bioenergy potential of 437 billion kJ from 2001
to 2020, with projections indicating an increase to 533 billion kJ in 2030. These findings illustrate a
substantial bioenergy potential with a significant shift from crop straws to livestock manure, as the
missed primary sources, underscoring the need for localised bioenergy strategies, which has been
discussed in Chapter 4.
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Fig. 1.2 The process of mapping paddy rice combining multi-temporal optical vegetation indices
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2. Artificial Intelligence for Biomass Detection, Production and Energy Usage in Rural A reas:

A review of Technologies and Applications
2.1. Abstract

Artificial intelligence, an emerging concept, has successfully been applied to bioenergy systems.
However, highly scattered reviews were narrowly associated with either part of bioenergy systems
or an isolated technique, and fewer focused on systematic induction in the agricultural context. This
study reviewed 96 papers published from 2012 to 2022, focusing on generalising and comparing Al
methods in agricultural bioenergy areas. Specifically, this review broke down the object of study of
all previous studies into three parts: bioenergy systems, biomass materials, and Al techniques.
Additionally, combined with examples of Al applications, it categorised the bioenergy systems into
three phases, including (i) biomass feedstock detection, (ii) bioenergy production/process, and (iii)
energy usage, for solving problems such as biomass mapping, composition analysis, cultivation
monitoring, process optimisation, bioenergy planning, etc. Based on the review, 44 types of Al
algorithms and 11 types of datasets were concluded, in which Artificial Neural Network, Random
Forest, Support Vector Machine, Intelligence Decision Support System were mainly used for
prediction, classification/regression, and optimal decision-making in issues about biomass systems

with 58, 15, 13, and 13 algorithms, respectively. The graphical abstract is shown in Fig. 2.1.
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areas

Keywords: Bioenergy, artificial intelligence, biomass detection, bioenergy management, bioenergy

usage.



Abbreviations:

ACO
AD
AGB
Al
AloT
ANFIS
ANN
BP
CNN
DL
DNN
DRUM
DSSAT
DSSE
DT
EL
FB
FENN
GA
GAN
GBM
GIS
GP
GRG
HHV
IDSS
K-NN
LCA
LMANN
LP
LR
ML
MLC
MLP
N.A.
NSUR
PCA
PLSR
PSO
RBF
RF
RL
RNN
RS
RSM
RZWQM
S-MCDA
SVM
SVR

Ant colony optimisation

Anaerobic Digestion

Above-ground biomass

Artificial intelligence

Artificial intelligence of things

Adaptive neuro-fuzzy inference system
Artificial neural network

Back Propagation

Convolutional neural network

Deep learning

Deep neural network

Differentiable rule mining modelling framework

Decision support system for agro-technology transfer

Decision support system for environment
Decision tree

Ensemble learning

Forest biomass

Feedforward Neural Network
Genetic algorithm

Generative adversarial network
Gradient boosting machine
Geographic information system
Genetic programming

Generalized Reduced Gradient
Higher Heat Value

Intelligent decision support system
K-nearest neighbour

Life-cycle analysis
Levenberg-Marquardt artificial neural network
Linear Programming

Linear regression

Machine learning

Maximum likelihood classifier
Multilayer perceptron

Number of algorithms

Nonlinear seemingly unrelated regressions
Principal component analysis
Partially least squares regression
Particle swarm optimisation

Radial basis function

Random forest

Reinforcement learning

Recursive neural network

Remote sensing

Response surface methodology

Root Zone Water Quality Model
Spatial multi-criteria decision analysis
Support vector machine

Support vector regression



2.2. Introduction

Over the last decades, energy consumption has increased worldwide due to industrialization,
urbanisation, and population growth, increasing the demand for energy derived from fossil fuels.
Consequently, the accumulation of vast quantities of greenhouse gases (GHGs) has accentuated
global warming and climate change. Therefore, the development and utilisation of renewable energy
resources have become a significant component of sustainable global energy strategies to reduce
the use of fossil fuels (Abdmouleh et al., 2018).

Among the renewable energy sources, biomass is widely available and easily accessible, and
agricultural residues rank as the top source of bioenergy production, suggested in studies like
(Timilsina and Zilberman, 2014) and (Reid et al., 2020). In Europe, the annual biomass production
is estimated at 950 Mt dry matter, including agricultural products (54%) and crop residues (46%),
averaged from 2006 to 2015. In addition, European forestry plays a significant role in biomass
feedstock supply, i.e., fuel wood and pellet, as the largest producer of pellet products (over 50%
globally) (Bartocci et al., 2018; Collins et al., 2018).

A variety of technologies have been employed to study the conversion of biomass feedstock into
bioenergy products, including solid (e.g., biochar), liquid (e.g., biodiesel, bioethanol, bio-oil), and
gaseous (e.g., syngas, biogas, hydrogen) products (Ferrari et al., 2020).

Moreover, challenges are gradually emerging in managing wide varieties of biomass, process control,
and usages in supply chains (Liao and Yao, 2021). Process and supply chain optimisation have
been intensively explored to address these challenges in recent studies (Pavlou et al., 2016). In this
context, artificial intelligence (Al) has successfully applied to bioenergy production processes. Al
refers to the mechanical ability to perform activities that mimic human intelligence. There are various
criteria to classify types of Al because it is a very complex field. Using the learning tasks or the
algorithm forms can make different classifications. Liao and Yao (2021) grouped Al into four types:
symbolic Al, machine learning (ML), heuristics, and hybrids & others. Pedregosa et al. (2011)
proposed supervised and unsupervised methods based on learning style and data structure.
According to the application of Al in bioenergy systems, studies in the last decade can be categorised

into three fields: detection, production/process, and energy usage.

Detection: For the prediction of biomass yield, Domingues et al. (2020) and Vacchiano et al. (2018)
used artificial neural network (ANN) models to analyse remotely sensed information for the prediction
of forestry aboveground biomass (AGB) with high performance. Compared with ANN, Shaharum et
al. (2019) classified satellite images using support vector machine (SVM) models and ANN with
accuracies of 98.96% and 99.39%, respectively. Additionally, SVM showed better algorithmic merit
and classification results. Liu et al. (2019) established SVM and random forest (RF) models to
estimate the bioenergy crop yield based on the image data acquired by drones. RF was flexible and

scaled well for large datasets, and SVM took less risk of overfitting. In addition, Hajinajaf et al. (2022)



demonstrated that support vector regression (SVR) models with Gaussian kernels achieved high
accuracy in the prediction of microalgal lipid extraction, close to that of ANNSs.

In the assessment of biomass components, Olatunji et al. (2019) established a hybrid approach,
Adaptive Neuro-fuzzy Inference System (ANFIS) with Particle Swarm Optimisation (PSO), as a novel
computation approach for the prediction of elemental compositions (C, H, O) of biomass based on
the proximate values. Luo et al. (2021) constructed an ANN to optimise the prediction of phenolic
compounds (R?=0.904) and glucose content (R?>=0.906) in lingo-cellulosic biomass.

For monitoring, Liao et al. (2022) built an algae culture monitor AloT system deploying the Winograd
algorithm to accelerate convolutional neural network (CNN) models for segmentation of the images,
and the processing time consumption was reduced to 55.56%. However, CNNs are widely used for
phenotyping various crop traits, multiclass classification of planting areas, and colorimetric properties
of energy crops (Agustin et al., 2020; Ferguson et al., 2021).

Production/Process: In the gasification and AD process, Safarian et al. (2021) accurately anticipated
the proficiency of downdraft gasification with a water-gas shift unit to produce biohydrogen based on
an ANN model with satisfactory agreement (R? U0.99). To control production quality, Beltramo and
Hitzmann (2019) predicted the biogas flow rate using partial least squares regression (PLSR), locally
weighted regression and the ANN model. In this study, two metaheuristic tools based on the genetic
algorithm (GA) and ant colony optimisation (ACO) were coupled with ANN to optimise the
performance. Li et al. (2021) predicted syngas quality by a back propagation (BP) neural network
(R? > 0.99), taking the contents of C, H, and O as input variables and optimising the conditions by
response surface methodology (RSM). Additionally, ANN models generally obtained more reliable
results in optimising the process variables when compared to RSM (Ozonoh et al., 2020). In addition,
the platform of intelligent decision support systems (IDSS) is involved in the condition selection.

In biomass material property testing, Rasam et al. (2021) and Kartal and Ozveren (2022)
investigated the chemical exergy of torrefied biomass from raw biomass. In their studies, the SVM
method had a considerably better performance for estimating the higher heat value (HHV) and
energy recovery parameters, and ANFIS with the swarm algorithm increased the accuracy.

In addition, biorefineries for valorising agricultural wastes/byproducts have been focused on due to
their favourable environmental effects Capanoglu et al. (2022); Selvarajoo et al. (2020). During that,
ANN with heuristic algorithms (e.g., GA and ACO) can be used to evaluate the valorising quality. For
example, Beltramo et al. (2019) compared three integration models (ANN-ACO, ANN-GA, and ANN-
ACO-GA) to identify the significant variables of production measured at biogas plants, and the results
indicated that ANN-ACO-GA outperformed with an error of prediction of 6.24% and R?=0.90.

Energy Usage: in the bioenergy supply chain (BSC) field, Strandgard et al. (2022) scheduled forest

biomass (FB) deliveries through DSS coupled with four mathematical models, evaluated by solution



speed, delivery cost, and practicality. Associated with GA, it obtained the best performance in high
consistency and optimisability (Strandgard et al., 2022). Additionally, Gracia et al. (2014) applied the
DSS-GA method to solve routing problems, significantly improving operational efficiency.

In the energy planning field, Cervelli et al. (2020) employed DSS with spatial multicriteria decision
analysis (S-MCDA) to conduct a scenario-based assessment for planting energy crops in marginal
areas. In such fields, GIS is widely used.

In the use of bioproducts, Han et al. 2022 used RF and life-cycle analysis (LCA) for a full economic
assessment of idealised biochar addition scenarios and maximal potential revenues to identify the
site of new pyrolysis plants. Gokhale, Trivedi et al. 2020 predicted the 2,4-D removal efficacy of
biomass ashes used for herbicide adsorption using the physicochemical properties analysed through
ANN modelling.

Overall, compared with thousands of publications related to Al, applications to bioenergy systems
are limited. In addition, previous studies exhibited some limitations due to highly scattered reviews,
and most are narrowly associated with either part of bioenergy systems or an isolated Al application
(Liao and Yao, 2021). Therefore, given the large variety of Al applications in agricultural bioenergy
systems, a holistic review of existing and potential Al applications in rural areas is needed.

In this work, the similarities and differences in Al applications in biomass feedstock detection,
bioenergy production/process and energy usage were analysed by classifying, refining and
comparing the related studies. Additionally, the advantages of applying different Al or algorithms
were summarised through inter/intra-group comparisons. Finally, the connections between the
development of Al and the applications in bioenergy systems in the last decade were collated for
broader and more effective Al applications.

This study aims to provide a systematic review of the application of Al in agricultural bioenergy
systems, highlighting the various techniques and algorithms used in 3 phases (detection,
production/process and bioenergy usage) and filling the gap of highly scattered studies in this area.
The use of Al was correlated with the types of biomass used and the algorithms implemented. This
research combines the meta-analysis of a large number of scientific contributions with in-depth study
in the key-points of each of them. Furthermore, it provided insights into the current state and built a
framework for guiding Al technologies in bioenergy systems to identify potential areas for future

research.

2.3. Material and Methods

This review included three steps: first, the definition of the field of study, with the fundamental
concepts of the research; second, the research methodology on the Scopus database; and third, the
performed analysis of the selected papers, with a description of the studied characteristics of the

works.



2.3.1. Field of analysis and research methodology

The study was focused on (i) a description of the current situation of bioenergy research, (ii) a
description of the types of Al applications, and (iii) a comparison and discussion of the Al techniques
in bioenergy systems. Papers that applied Al to the biomass resource but were not related to
bioenergy were not considered in this work. In addition, papers that discussed biochemical

mechanisms, production devices, or single algorithm research were not included.

Table 2.1 Concepts for extraction of research papers

Concept Search terms used
#1 Sector of
analysis: bioenerg*, biomass, byproduct, bio-energ*, livestock, cattle, cow, pig, sow, poultry,
agricultural waste, manure, slurry, Agricultural waste, anaerobic digest*, biogas, biofuel
biomass
artificial intelligence, machine learning, multilayer perceptron, neural network*, feed-
#2 Application: forward neural network, deep learning, random forest, support vector, kernel,
artificial intelligence decision tree*, k-nearest neighbour, ant colony optimisation, genetic algorithm,

greedy algorithm, gradient boosting

Regarding the research methodology, two guiding concepts were established: (i) agricultural
biomass and (ii) Al techniques application (Table 2.1). The algorithm of the search string required
the presence of at least one of the terms related to both main concepts in the title-abstract keywords.
The papers were extracted from the Scopus database, selecting only papers in English published in
the past ten years (from 2012 to February 2022).

The most critical information was extracted from the selected papers. In particular, three concepts,
bioenergy system, biomass materials, and Al techniques, were used to categorise the papers.

The search resulted in 707 papers. The papers were analysed individually, and only those relevant
for the review were selected and analysed. To determine the relevance of the analysis, the following
exclusion criteria were applied: papers selected based on the presence of the terms but not covering
the specific topic (412); the presence of terms but not applying the methodology under study (103);
the presence of terms but not using the defined Al technology under study (97); a phase of research
by the same author on the same issue (54); the full text or the key information is not available (25);
review papers that do not feature case studies or book chapter (17). Eventually, 96 papers published
from 2012 to February 2022 were suitable for the analysis.

Furthermore, considering how and where Al techniques were used, papers can be grouped into
three categories: theory/simulation, experiments/research, and case studies. In this classification,
theory/simulation contains studies about Al not applied to a real context or about elements of
theoretical simulation; experiments/research contains studies on specific research/field experiments,
in which the Al application is not theoretical but supports/optimises specific research; and case study

contains studies to a full-scale application.



2.3.2. Bioenergy system

The bioenergy system is complex and usually involves the process of the bioenergy supply chain
(biomass cultivation, biomass production and harvest, pre-treatment, bioenergy production, etc.)
and biomass detection, conversion and utilisation (Fig. 2.2). With the application of Al, this review
regarded three phases, namely, detection, production/process, and energy usage, to breakdown

the system functionality.
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Fig. 2.2 Significant components of bioenergy systems and biomass application

Detection: it contains feedstock production and biomass cultivation, production and harvest in BSCs.
The discovery of agricultural biomass is the premise of bioenergy production and application, which
involves composition analysis, image classification, crop growth monitoring, biomass yield prediction,
feedstock distribution/mapping, etc.

Production or process: it includes biomass conversion and pre-treatment and bioenergy production.
It is related to biomass conversion and grouped into two types: thermochemical (e.g., gasification,
methanization, and pyrolysis) and biochemical (e.g., AD, hydrolysis, and transesterification). In
addition, it involves relevant fields, such as biomass product valorisation, quality inspection, and
process optimisation, promoting economic feasibility, environmental sustainability, and product
quality.

Energy Usage: Decision-making is the essential purpose of bioenergy utilisation and the optimisation
of BSCs to solve the problems of feedstock transportation/inventory, bioenergy product use, energy

planning and site selection for biogas plants.



2.3.3. Biomass feedstock

Biomass feedstock for energy use has been grouped into the following types: forestry resources,
agricultural resources, domestic sewage and industrial organic waste, and livestock/poultry manure.
The biomass feedstock is produced through biomass cultivation and harvest (Fig. 2.2).

The bioenergy products are converted from feedstock through biochemical or thermochemical
approaches, such as biogas, bioethanol, biodiesel, and syngas. In this review, the classification of
products has been adjusted according to the target, which is grouped into biogas (generated by
biomass materials through anaerobic digestion fermentation), liquid biofuel (including bioethanol,
biobutanol and biodiesel produced by hydrolysis/transesterification or pyrolysis), biochar (produced

by pyrolysis) and others such as syngas, hydrogen, electric power, etc.

2.3.4. Al technigues and application platforms

In this review, Al applications included technigues (ML and DL) and platforms (IDSS/DSS and the
other) (Fig. 2.3). Although DL is a subcategory of ML, this review divided it into two research areas,
given the significant differences in algorithmic features and applications.

(i) Machine learning (ML): This is a subset of Al that allows systems to learn and improve from
experience without being explicitly programmed automatically. Based on their knowledge, the
algorithms were grouped into 4 phases: supervised learning, unsupervised learning, reinforcement
learning (RL) and ensemble learning (EL). Supervised learning was defined by a training set with
labelled data, and the process continues to the desired level (Sahu et al. 2020). It contains almost
all the classification and regression algorithms, e.g., naive Bayes, decision trees (DT), K-nearest
neighbour (K-NN), and support vector machine (SVM). Unsupervised learning can operate without
labelled data, and the most typical algorithms are clustering (e.g., K-means) and dimensionality
reduction (e.g., principal component analysis (PCA)). RL helps teach the machine to interact with a
specific environment and solve complex problems to maximise the notion of cumulative reward, e.g.,
Q-Learning and GA. Finally, EL solves problems by integrating multiple ML models, including
bagging, boosting (e.g., gradient boosting machines (GBM)), random forest (RF), stacking, etc.

(ii) Deep learning (DL): technically, DL is a type of ML. ANNSs are efficient data-driven modelling tools
widely used for nonlinear system dynamic modelling and identification due to their universal
approximation capabilities and flexible structure that allow the capture of complex nonlinear
behaviours. In this review, ANN incorporated the concept of DNN, a sort of ANN with complex hidden
systems (e.g., multilayer perceptron (MLP)). Therefore, it had a greater computational capacity for
data mining (Zhou et al., 2019). Next, ANFIS integrates ANN and fuzzy logic principles with three
hidden/intermediate layers for ruling, normalisation, and returning defuzzification values (Deo et al.,

2019). Finally, CNN is mentioned and commonly applied to analyse visual imagery.



(iii) Intelligent Decision Support System (IDSS): IDSS or DSS is used to gather and analyse data
and incorporate it into comprehensive reports, which refers to Al-powered decision support system
platforms. In agriculture, it can determine when to plant, fertilise, and harvest crops (Hogland et al.,
2021). In specific environments, it generates some branches in combination with different
applications or Al algorithms, e.g., DSS for Environment (DSSE), DSS for Agro-technology Transfer
(DSSAT), DSS with Linear Programming (LP) solver and Greedy algorithm (Chan et al., 2000).

(iv) Others: for example, the maximum likelihood classifier (MLC) is one of the nonmachine learning
models used for classification. Another statistical approach included is RSM, which can be employed
to maximise the production of a particular substance by optimisation of operational factors. In
addition, many calculating platforms are applied in specific research areas, such as the Root Zone
Water Quality Model (RZWQM) and models combined with RS techniques and geographic
information systems (GIS).

The most suitable algorithm can be selected by comparison under the same distribution of data
generation. Therefore, performance metrics (i.e., accuracy and error rate) are needed to compare
the algorithms used in the selected papers. In addition, the application of algorithms was compared
by counting and recording the number of occurrences of the same or similar algorithms, noted as
the number of algorithms (N.A.). Additionally, the numbers of input data types were collected in each
paper by the occurrences of data/variables/parameters in specific Al technigues to clarify the function
or effect of the different algorithms applied in bioenergy systems. These included optimisation,

reinforcement, classification, regression, prediction, and decision-making.
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Fig. 2.3 Al categories and primary techniques reviewed

2.4. Results and discussion
2.4.1. Temporary analysis and trends

The temporary evolution of papers is depicted in Fig. 2.4(a). Researchers have continued to address
the study in this field in the last decade, and the number of publications is rising, especially in the
detection field. The number of papers published in this field increased three times in 10 years, from
2012 to 2022.

Throughout the literature, all the papers were divided into three categories based on Al application:
theory/simulation (7), experiments/research (66), and case studies (23). The proportions of these
types are shown in Fig. 2.4(b). This result indicated that 86% of the papers on production/processing
were about experiments/research, and 85% of the papers on energy usage are about case studies.

A total of 74% and 20% of the papers on detection were about experiments/research and case



studies, respectively. Fewer studies were about theory/simulation, which accounted for 5% in

detection, 10% in production/process, and 8% in energy usage.
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Fig. 2.4 Analysis of research directions and types of papers: (a) Temporary evolution of papers with
internal column breakdown with 3 phases; (b) Al application types in 3 categories

2.4.2. Bioenergy system

The distribution of the papers into the three bioenergy production phases is reported in Table 2.2
and Fig. 2.5.
Detection. It has been the most popular phase in the last ten years. This phase contained 54 papers,

and 54% focused on predicting biomass yield and distribution.



To predict biomass yield (17 papers), studies mainly focus on energy crop yield estimation (59%)
and forest aboveground biomass cultivation (29%). Seventy-six percent of them were about
experiments/research. Additionally, growth data, seasonal climate characteristics and other variable
parameters are widely extracted for their prediction and estimation. To visualise the biomass
distribution (12) and classify the images (4), RSs, such as Sentinel Satellite Imagery (42%), land
platforms (25%), and unmanned aerial vehicles (8%), are used for image acquisition for mapping
biomass resources. In addition, studies on the spatial management of land use demonstrated that
optimising energy crop planting practices could bring better comprehensive benefits in terms of
climatic regulation (Landis et al., 2018), energy savings, soil/water quality (Ferrari et al., 2021) and
economic efficiency (Kreig et al., 2021). In these studies, data such as climatic/environmental/water
variables, remotely sensed/LULC images (i.e., topographical features), and biomass texture
images/metrics (i.e., plant phenotype, panchromatic imagery and colorimetric properties) are
commonly extracted and used as the input parameters for image processing and classification
(Guner et al., 2022).

Except for crop and wood cultivation, ten papers studied monitoring biomass, such as cultivation
conditions, the spread of pests or diseases (de Mol et al., 2018) and monitoring landfills on methane
point-source concentrations (Jacome et al., 2021), which are vital to BSC processing.

For component analysis, 11 papers (over 90% in experiments/research) studied three aspects:
compounds or elements (18%), phase components (46%, e.g., oil content, dry mass, etc.), and water

content or quality (36%).

Table 2.2 Distribution of the selected papers in the three bioenergy production phases

Phase Sub-phase n. of References
papers

(Akintunde et al., 2015; Alaboz et al., 2021; Castro et al., 2017; Chang et al.,
2021; Domingues et al., 2020; Grinberg et al., 2016; Guner et al., 2022;

P%Eé?cﬁ)sn 17  Kishore et al., 2018; Lafeta et al., 2018; Lopushniak et al., 2021; Maddison
et al., 2017; Oliveira et al., 2018; Ozcelik et al., 2017; Pothula et al., 2015;
Supriyanto et al., 2019; Vargas-Larreta et al., 2017; Zhang et al., 2019)
(Alvarez and De Paepe, 2019; Anar et al., 2017; Daassi-Gnaba et al., 2018;
Composition 11 Hajinajaf et al., 2022; Jin et al., 2017; Li et al., 2018; Luo et al., 2021;
_ Analysis Olatuniji et al., 2019; Resende et al., 2020; Sharma et al., 2018; Sorochan
Detection Armstrong et al., 2022)
Geographical (Frank et al., 2015; Habyarimana et al., 2019; Kreig et al., 2021; Landis et
Bigmgss 12 al., 2018; Li et al., 2012; Liu et al., 2019; Mola-Yudego et al., 2016; Rizzo et
Distribution al., 2014; Shaharum et al., 2019; Theofanous et al., 2021; Vacchiano et al.,
2018; Zhang and Zhang, 2012)
Field (Baroukh et al., 2017; Bell et al., 2020; Brilli et al., 2016; Cinar et al., 2022;
Monitoring 10 de Mol et al., 2018; Deo et al., 2019; Fujimoto et al., 2019; Jacome et al.,

2021; Lee et al., 2022; Liao et al., 2022)



(Agustin et al., 2020; Costa et al., 2018; Ferguson et al., 2021; lonescu et

Classification 4 al., 2015)

(Baruah et al., 2017; Beltramo and Hitzmann, 2019; Beltramo et al., 2019;
Conversion Chougibi et al., 202Q; Jahanbakhshi qnd Salehi, 2019; Li et al., 2021;
Reaction 15 Parth|ban and Parthiban, 2012;_Parth|ban etal., 2012; I?athy et al., 2020;
Puig-Arnavat et al., 2013; Safarian et al., 2021; Selvarajoo et al., 2020;
Singh Chouhan and Singh, 2020; Suresh et al., 2020; Yan and Li, 2019)

Production/
process Propert (Abdulsalam et al., 2020; Elnjikkal Jerome and Dwivedi, 2022; Ghugare et
EvalSatign 8 al, 2014; Hosseini et al., 2017; Ighalo et al., 2021; Kartal and Ozveren,
2022; Qian et al., 2015; Rasam et al., 2021)
Process 6 (Beltramo et al., 2016; Betiku and Ajala, 2014; Bezerra et al., 2021; Lee et
Optimisation al., 2020; Ozonoh et al., 2020; Tsakalova et al., 2015)
BSC 6 (Fiorese et al., 2013; Gracia et al., 2014; Pavlou et al., 2016; Rentizelas et
al., 2014; Strandgard et al., 2022; Zhang et al., 2017)
Energy Energy 5 (Cervelli et al., 2020; Peterson et al., 2013; Sahoo et al., 2018; Silva et al.,
usage Planning 2014; Yang et al., 2021)
Product 5 (Gokhale et al., 2020; Han et al., 2022)
usage
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Fig. 2.5 Distribution of the papers in the bioenergy production phases

Production/Process. It contained 29 papers, and they mainly focused on bioenergy conversion
pathways, including conversion reactions (52%), property evaluation (27%), and process

optimisation (21%).



In conversion reaction modelling and process optimisations, 17 papers about the experimental
environment and parameters were dynamically simulated to control reactions and optimise
bioenergy product quality effectively. These studies gave three main ideas for solutions in the
process: selecting optimal experimental conditions and process variables (47%), comparing the
computational performance of different algorithms (20%), and optimising experimental design for
energy conversion (33%).

The indicators of optimisation are often reflected in testing property parameters (8), mainly on gross
calorific value (71%), e.g., HHV (Ighalo et al., 2021), and other physicochemical properties (63%),
e.g., chemical exergy, and energy recovery (Kartal and Ozveren, 2022).

The conversion of various feedstocks is also a process of biomass valorisation (10). In addition, the
valorising chains are mainly concluded into three ways, referring to 10 papers contained in these 3
subphases: the cellulose product converted from one agro-processing waste under solid-state
fermentation (30%) (Bezerra et al., 2021), the bioenergy product from food industry waste under the
assisted method (e.g., hydrolysis or pyrolysis) (40%) (Suresh et al., 2020), and the biochar yield from
energy crops and waste (30%) (Pathy et al., 2020).

Energy Usage. It contained 13 papers, and they mainly focused on BSC optimisation (46%), energy
planning (38%), and product utilisation (16%). For BSC optimisation, over 80% of the studies worked
on a full-scale case study. For example, structure design and strategy development maximise
economic benefits (Strandgard et al., 2022). For energy planning, case studies considered regional
differences. Additionally, they assumed the investigation of accessibility to bioenergy resources for
optimal siting of biogas plants concerning social, economic and environmental factors with
multicriteria decision aid methods (Ferrari et al., 2022; Yang et al., 2021). In addition, GIS is widely
used to obtain geographical information data for mapping bioenergy distribution (Sahoo et al., 2018).
Finally, for product utilisation, biochar and biomass ashes are used as an additive or potential
adsorbent in farmland to increase production and efficiency and to reduce pesticide residues and

carbon emissions (Han et al., 2022).

Table 2.3 Biomass feedstock types

s . of
Resource  Subdivision n.o Reference
Papers

(Abdulsalam et al., 2020; Brilli et al., 2016; Cervelli et al., 2020;
Domingues et al., 2020; Fiorese et al., 2013; Frank et al., 2015;
Fujimoto et al., 2019; Gracia et al., 2014; Glner et al., 2022; Ighalo

Forestry  Forest tending 22 etal., 2021; Lafeta et al., 2018; Ozgelik et al., 2017; Peterson et al.,

Biomass and logging 2013; Puig-Arnavat et al., 2013; Safarian et al., 2021; Strandgard
et al.,, 2022; Theofanous et al., 2021; Tsakalova et al., 2015;
Vacchiano et al., 2018; Vargas-Larreta et al., 2017; Zhang et al.,
2017; Zhang and Zhang, 2012)




Harvest,
transportation 13
and processing

(Daassi-Gnaba et al., 2018; Fiorese et al., 2013; Ghugare et al.,
2014; Gracia et al., 2014; Ighalo et al., 2021; Lafeta et al., 2018;
Ozcelik et al., 2017; Ozonoh et al., 2020; Puig-Arnavat et al., 2013;
Safarian et al., 2021; Strandgard et al., 2022; Tsakalova et al.,
2015; Vargas-Larreta et al., 2017)

Forest
12
by-products

(Abdulsalam et al., 2020; Bezerra et al., 2021; Cinar et al., 2022;
Daassi-Gnaba et al., 2018; Fiorese et al., 2013; Gracia et al., 2014;
Ighalo et al., 2021; Kartal and Ozveren, 2022; Puig-Arnavat et al.,
2013; Rentizelas et al., 2014; Singh Chouhan and Singh, 2020;
Yang et al., 2021)

Agricultural
crops and 44
energy crops

Agricultur
al
Biomass

(Abdulsalam et al., 2020; Agustin et al., 2020; Alaboz et al., 2021;
Anar et al., 2017; Baroukh et al., 2017; Bell et al., 2020; Castro et
al.,, 2017; Cervelli et al., 2020; Chang et al., 2021; Costa et al.,
2018; de Mol et al., 2018; Deo et al., 2019; Ferguson et al., 2021;
Fiorese et al.,, 2013; Grinberg et al., 2016; Habyarimana et al.,
2019; Hajinajaf et al., 2022; Ighalo et al., 2021; Jin et al., 2017;
Kishore et al., 2018; Kreig et al., 2021; Landis et al., 2018; Lee et
al., 2020; Lee et al., 2022; Li et al., 2012; Liao et al., 2022; Liu et
al., 2019; Lopushniak et al., 2021; Maddison et al., 2017; Mola-
Yudego et al., 2016; Oliveira et al., 2018; Pathy et al., 2020; Pavlou
et al., 2016; Pothula et al., 2015; Rasam et al., 2021; Resende et
al., 2020; Rizzo et al., 2014; Safarian et al., 2021; Shaharum et al.,
2019; Sharma et al.,, 2018; Sorochan Armstrong et al., 2022;
Supriyanto et al., 2019; Suresh et al., 2020; Zhang et al., 2019)

Agro-
processing
waste or
byproducts

30

(Abdulsalam et al., 2020; Akintunde et al., 2015; Alvarez and De
Paepe, 2019; Beltramo et al., 2019; Beltramo et al., 2016; Betiku
and Ajala, 2014; Castro et al., 2017; Chouaibi et al., 2020; de Mol
et al., 2018; Elnjikkal Jerome and Dwivedi, 2022; Ferguson et al.,
2021; Fiorese et al., 2013; Ghugare et al., 2014; Gokhale et al.,
2020; Habyarimana et al., 2019; Hosseini et al., 2017; Ighalo et al.,
2021; Jahanbakhshi and Salehi, 2019; Kartal and Ozveren, 2022;
Lee et al., 2022; Li et al., 2018; Luo et al., 2021; Qian et al., 2015;
Safarian et al., 2021; Sahoo et al., 2018; Selvarajoo et al., 2020;
Singh Chouhan and Singh, 2020; Suresh et al., 2020; Tsakalova et
al., 2015; Yang et al., 2021)

Domestic

Domestic sewage

(Abdulsalam et al., 2020)

and
Industrial
Organic

Municipal Solid
Waste

(Abdulsalam et al., 2020; Ghugare et al., 2014; Tsakalova et al.,
2015)

Waste Industrial

organic waste

(Abdulsalam et al., 2020; Ghugare et al., 2014)

Livestock
Manure

(Abdulsalam et al., 2020; Beltramo et al., 2019; Beltramo et al.,
2016; Silva et al., 2014)




Table 2.4 Bioenergy product types

Bioener Product n. of Reference
%y examples Papers

(Baruah et al., 2017; Beltramo and Hitzmann, 2019; Beltramo et
al., 2019; Beltramo et al., 2016; Bezerra et al., 2021; Brilli et al.,

Biogas 14 2016; Cinar et al., 2022; de Mol et al., 2018; Jacome et al., 2021;
Parthiban and Parthiban, 2012; Parthiban et al., 2012; Sahoo et
al., 2018; Silva et al., 2014; Yan and Li, 2019)

Biogas and - - - —
Bi%fuels (Akintunde et al., 2015; Betiku and Ajala, 2014; Chouaibi et al.,
Biofuel 2020; Hajinajaf et al., 2022; Hosseini et al., 2017; Jahanbakhshi
bioethanol ’etc 14 and Salehi, 2019; Li et al., 2012; Luo et al., 2021; Oliveira et al.,
T 2018; Pothula et al., 2015; Singh Chouhan and Singh, 2020;
Suresh et al., 2020; Tsakalova et al., 2015; Zhang et al., 2017)
not specified 34 -

Biochar Biochar. char (Abdulsalam et al., 2020; Gokhale et al., 2020; Han et al., 2022;
' ' Pathy et al., 2020; Rasam et al., 2021; Selvarajoo et al., 2020;

product coalchar, etc, Singh Chouhan and Singh, 2020)
Hydrogen (Alaboz et al., 2021; Baruah et al., 2017; Beltramo et al., 2016;
electric pow,er 9 Bezerra et al., 2021; Fiorese et al., 2013; Li et al., 2021; Puig-
Others etc ' Arnavat et al., 2013; Safarian et al., 2021; Singh Chouhan and

Singh, 2020)

About bioenergy 22 -

2.4.3. Biomass feedstocks

The biomass feedstock analysis resulted in a very heterogeneous situation (Table 2.3). Agricultural
biomass resources were the most common feedstock. They were used in 64 papers from agricultural
crops, including energy crops (44) and agro-processing waste/byproducts (30), of which 14 papers
included both. However, forestry biomass resources were adopted in 31 papers. Livestock waste,
pig or cattle manure, was exploited in 4 pieces. Additionally, three papers operated on domestic and
industrial organic waste, including domestic sewage (i.e., food waste), municipal solid waste, and
industrial organic waste, e.g., pulping black liquor (Ghugare et al., 2014).

The results of bioenergy production (Table 2.4) showed that 22 papers did not point out the specific
type, and the other 74 papers were grouped into three types (with one or more): biogas and biofuel
products (83%), biochar products (10%), and the other products (12%). In biofuel products, 23% of
studies are related to biogas or the AD process, and 21% are related to liquid biofuel, e.g., bioethanol,
biobutanol, and biodiesel. In biochar products, studies are related to conversion reactions (43%) and
property evaluation (29%). In the other products, bioenergy products such as hydrogen, electric
power, syngas, and pyro-gases are mentioned, where some are secondary products generated with

the primary outcomes.



2.4.4 Al technigues

In the reviewed articles, 44 types of Al algorithms/models/tools were applied. The number of related
papers and Al frequencies (i.e., N.A.) are given in Table 2.5 and Fig. 2.6. In this section, the numbers

in brackets indicate the N.A.
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In addition, the input variables were classified into 11 types to characterise Al applications, including
biomass characterisation data (e.g., cellulosic composition, proximate/ultimate data, phenotypic
data), operation conditions (e.g., reaction temperature/time, pH, hydraulic retention),
climatic/environmental variables, RS images, geographical information (e.g., topographic
parameters), socioeconomic factors, biomass texture metrics (e.g., vegetation indices), biomass
guantification/types (Strandgard et al., 2022), agrochemical parameters of soil or fertiliser (e.g., soil
organic carbon), feedstock/fuel blending ratio, and thermogravimetric analysis data. A breakdown of
the data types used by the different Al algorithms is also shown in Table 2.5. The data types are

graphically summarised in Fig. 2.7.
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Machine learning (ML) involved four types and 58 papers: supervised learning (45), unsupervised
learning (3), RL (11), and EL (24).

Supervised learning is most widely applied in the prediction domain. The input data types, such as
biomass characterisation data, operation conditions, biomass texture metrics, and RS images, are
mainly used as predictors for classification or regression. From previous studies, the most frequently
used algorithms are SVM/SVR (13) (including LS-SVM/SVR and kernel methods), followed by LR
(12), including GLM, MLR, linear discriminant analysis, and locally weighted regression), DT (6)
(including M5Tree and CART), and PLSR (5). First, SVM/SVR is being used more frequently since
it can solve both linear and nonlinear problems and work well in classification and regression
problems (Daassi-Gnaba et al., 2018). In addition, SVR models with different kernels (i.e., linear,
guadratic, Gaussian, and logistic) showed other performance, and the Gaussian kernel could get
better (Hajinajaf et al., 2022). Second, regression models, especially linear models (LRs), are often
used due to simple ideas. However, it is challenging to model nonlinear data or polynomial
regression, so regression models are not the priority compared with various algorithms (Cinar et al.,
2022). Finally, DT was used to classify and decide parameters for experimental cultivation conditions
(Sorochan Armstrong et al., 2022).

Unsupervised learning is for data clustering and dimensionality reduction, essentially as a statistical
tool. This review had no particular study, but ACO (3) will be combined with other algorithms as a
metaheuristic tool to improve the prediction model for biomass characterisation data (i.e., volatile
fatty acids)(Beltramo et al., 2019). Additionally, three algorithms for RL are reviewed: GA (9), greedy

algorithm (1), and PSO (1). As a heuristic optimisation algorithm, GA was used with other models,



such as ANN and RSM, to compare multiple individuals at high efficiency (Elnjikkal Jerome and
Dwivedi, 2022).

EL has mainly involved RF (15), GBM (7), and BRT (2), and climatic or environmental variables are
frequently used for the prediction of biomass distribution or to make plans for energy plant siting.
Eighty percent of papers on RF are about detection in the fields of classification and prediction. They
captured the complex nonlinear relation between parameters and analysed the interactions with
other explanatory variables (Theofanous et al., 2021). When compared under the same data
distribution, RF often outperformed GBM in prediction accuracy (Kreig et al., 2021). When compared
with the supervised method, RF and SVM also showed higher accuracy. Additionally, RF was overfit
on some noisy classification or regression problems, while SVM performed with good robustness
when handling small samples (Vargas-Larreta et al., 2017).

DL involves three types and 62 papers: ANN (58), ANIFS (5), and CNN (6). ANNs were applied as
1-hidden-layer ones (83%), and DNNs (17%, ANNs with multiple hidden layers) were used for
complex optimisation of the process variable (Ozonoh et al., 2020). Moreover, derivative algorithm
applications such as BP (6), MLP (5), LMANN (3), MISO/MIMO-ANN (3), RBF (3), FFNN (2), and
Deep Taylor Decomposition (1) were used in the reviewed studies. In this review, data such as
operation conditions and biomass characterisation are mostly used in 53 papers. Compared to the
traditional mathematical method, ANN and its derivations showed advantages in modelling complex
parameters with a high forecasting efficiency and generalisation level in the ultimate analysis-based
HHV models (Abdulsalam et al., 2020). Additionally, the integrated ANN was demonstrated to be
enhanced through comparison among ANN-ACO, ANN-GA, and ANN-ACO-GA, and the third one
obtained higher performance (Beltramo et al., 2019).

Next, ANFIS worked as a strong learner and an excellent reasoner to capture ANN and fuzzy logic
principles in predicting bioethanol production, where ANFIS was slightly better than ANN
(Jahanbakhshi and Salehi, 2019).

Finally, CNNs worked as the basis of the monitor system due to the advantages of processing high-
dimensional data and extracting features combined with RS (Bell et al., 2020). Additionally, although
SVM as a classifier could provide stability during experiments, the CNN architecture gave higher
results in terms of accuracy (Agustin et al., 2020).

IDSS/DSS contained 13 papers. Ideally, it is applied in supporting energy decision-makers by
gathering and analysing evidence, identifying and diagnosing problems, and proposing and
evaluating possible actions when variables such as socioeconomic factors, feedstock quantity/types,
and GIS data are input. In this review, studies employed the following integrated types: DSS with
MILP, with the heuristic (i.e., DSS-GA or greedy algorithm), and spatial multicriteria decision analysis
(S-MCDA) to address decision-making issues of energy supply, economic efficiency, and

environmental protection.
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2.4.5. Discussion on the application of Al to bioenergy systems

Al applications for the detection of biomass feedstock were mainly aimed at distribution and
prediction (Fig. 2.8(a)). Thus, supervised learning (36), ANN (25), and EL (19) were more applied,
and data such as biomass characterisation data (21), RS images (14), climatic/environmental
variables (10), and biomass texture metrics (9) were mostly used (the paper numbers in the brackets
behind data type names). In the fields of composition analysis, monitoring, and classification,
supervised learning (21) methods are mostly used, especially SVM/SVR (33%), LR (29%), and DT
(19%), which are highly applicable. In biomass distribution, RS is commonly used for acquiring image
data, i.e., remotely sensed/sensor/LULC images (7) and climatic/environmental variables (4), while
EL (10) and supervised learning (7) are frequently used, such as RF (30%), GBM (18%), BRT (12%),
SVM (12%), and LR (12%). In biomass prediction, ANN (11) and supervised learning (8) are used,
involving ANN (42%, algorithms), Non-LR (16%), LMANN (11%), and SVM (11%), most of which
used biomass characterisation data (11) as the predictors. In addition, for RS image processing,
ANN and CNN had less risk of overfitting and better performance (i.e., convergence or training speed)
in classifying semi or unstructured data, and they did not require extensive a priori knowledge,
especially when solving the RS and biomass texture images (Ferguson et al., 2021). To monitor the
growth and experimental environment, CNN and ANFIS were highly used (Bell et al., 2020; Jacome
et al., 2021). In addition, the thermogravimetric analysis data were rarely considered in this phase
since internal factors are not a priority for biomass detection.

Regarding bioenergy production and processes, Al studies have focused on supporting the rapid
development of traditional process simulations and kinetic models and investigating different types.
Therefore, the operation conditions data (23) were most used, as well as biomass characterisation
data (14), to meet the optimal conversion reaction. Additionally, ANNs (29) were applied in these
areas, accounting for 52% of all algorithms counted. In addition, supervised learning (7), RL (7) and
RSM (6) were also mentioned through it, such as GA (17%), LR (6%), and SVM (5%). For biogas
flow rate prediction, PLSR, LR (i.e., locally weighted regression) and ANN were used, and heuristic
tools (i.e., GA, ACO, and greedy algorithm) were applied to improve the prediction models (Beltramo
and Hitzmann, 2019). In conversion reactions such as the gasification process, Al studies focused
on predicting syngas composition, and hydrogen content or production was the most frequently used
output variable in ANN and RSM when solving thermogravimetric analysis data (3) (e.g., exergy
efficiency of hydrogen and cold gas efficiency (CGE) of combustible syngas) and heating rate (Li et
al., 2021). It concluded that both models had high accuracy, but some studies showed that ANN was
less reliable than RSM (Ozonoh et al., 2020). In process optimisation fields, Al was used for dynamic
optimisation of gasification and anaerobic digestion to reduce the solution time in the entire process
(Lee et al., 2020) or for biomass product valorisation (Bezerra et al., 2021). In the property evaluation,

Al studies focused on biomass chemical exergy, HHV, and crop gross calorific value.



Most Al applications were used for region-specific cases (one or more biogas plants) on strategic
and tactical problems for making decisions, for example, IDSS (8), accounting for nearly 40% of all
algorithms counted. Therefore, socioeconomic factors (7) and geographical information data (6) are
common. They have been widely used in functional modelling for BSCs (Pavlou et al., 2016). In
energy planning, location selection for biogas plants and energy crop selection for
marginal/unprofitable areas were solved by IDSS associated with heuristic algorithms (Cervelli et al.,
2020). ANN (4) was also used for complex decision-making issues concerning the optimal siting of
biogas plants through GIS-based assessment (Sahoo et al., 2018). In addition, the RF (2) models
were seldom used in the fuel literature but in another discipline instead. As mentioned before, they
were applied for fuel classification analysis to produce maps of fuel loads in a small region, e.g.,
Yosemite National Park (Peterson et al., 2013). For bioenergy product usage, RF or ANN can model
the composition changes and predict the capacity. Furthermore, compared to the detection phase,
the input data, such as climate/environmental variables and RS images, were not used to solve the
production problems, and the operation conditions and biomass texture metrics data were not

applied in the energy usage phase.
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Table 2.5 Summary of Al technique types

Technique/ Type Input data type Algorithm (N.A.) n. of Reference
platform (n. of papers) papers
. (Agustin et al., 2020; Daassi-Gnaba et al., 2018; Hajinajaf et al., 2022;
SVM/SVEe(rI:g:j I(_1$3)SVM and 9 lonescu et al., 2015; Li et al., 2018; Maddison et al., 2017; Rasam et
al., 2021; Shaharum et al., 2019; Vargas-Larreta et al., 2017)
LR (incl. GLM, MLR, Linear (Abdulsalam et al., 2020; Cinar et al., 2022; de Mol et al., 2018;
_ o Discriminant Analysis, and locally 8 Ferguson et al., 2021; Habyarimana et al., 2019; Sharma et al., 2018;
biomass characterisation weighted regression) (12) Singh Chouhan and Singh, 2020; Zhang et al., 2017)
data (13), operation
conditions (6), biomass DT (incl. M5Tree and CART) (6) 2 (Deo et al., 2019; Sorochan Armstrong et al., 2022)
Supervised texture images/metrics (6),
remotely (Beltramo and Hitzmann, 2019; Beltramo et al., 2016; Jin et al., 2017;
_ PLSR (5) 3 :
sensed/sensor/LULC images Liu et al., 2019)
4) _ .
Non-LR (incl. Non-LR seemingly 2 (Guneretal., 2022; Ozcelik et al., 2017)
unrelated regressions) (3)
ML
LP sol incl. MILP) (2), KNN (2), .
so_w_ar (inc . ) @) . (2) (Grinberg et al., 2016; lonescu et al., 2015; Strandgard et al., 2022;
Logistic regression (1), Dirichlet 4
. Zhang and Zhang, 2012)
regression (1)
Unsupervise biomass characterisation (Alaboz et al., 2021; Beltramo and Hitzmann, 2019; Beltramo et al.,
P ACO (3), PCA (4) 7 2019; Habyarimana et al., 2019; Maddison et al., 2017; Zhang and
d data (4)
Zhang, 2012)
biomass characterisation (Abdulsalam et al., 2020; Beltramo and Hitzmann, 2019; Beltramo et
RL data (6), operation conditions GA (incl. GP and GEP) (9), Greedy 11 al., 2019; Bezerra et al., 2021; Deo et al., 2019; Elnjikkal Jerome and
0P (5) algorithm (1), PSO (1) Dwivedi, 2022; Ghugare et al., 2014; Gracia et al., 2014; Olatuniji et
al., 2019; Strandgard et al., 2022; Suresh et al., 2020)
EL climatic/environmental/water RF (15) 14 (Cinar et al., 2022; de Mol et al., 2018; Deo et al., 2019; Grinberg et

variables (7), biomass

al., 2016; Han et al., 2022; Kreig et al., 2021; Liu et al., 2019;




characterisation data (5),
remotely sensed/senor/LULC

Peterson et al., 2013; Rasam et al., 2021; Resende et al., 2020;
Theofanous et al., 2021; Vargas-Larreta et al., 2017; Zhang et al.,

images (5) 2019; Zhang and Zhang, 2012)
(Habyarimana et al., 2019; Mola-Yudego et al., 2016; Pathy et al.,
BM (7), BRT (2 .
G 7, 2) S 2020; Rizzo et al., 2014; Strandgard et al., 2022)
(Akintunde et al., 2015; Alaboz et al., 2021; Alvarez and De Paepe,
2019; Baruah et al., 2017; Beltramo and Hitzmann, 2019; Beltramo et
al., 2019; Betiku and Ajala, 2014; Brilli et al., 2016; Domingues et al.,
. . 27 2020; Ferguson et al., 2021; Habyarimana et al., 2019; Kishore et al.,
1-hidden Iayer(;l\;N (incl. N-Ne 2018; Kreig et al., 2021; Lee et al., 2022; Li et al., 2012; Lopushniak
et al., 2021; Luo et al., 2021; Pothula et al., 2015; Puig-Arnavat et al.,
2013; Qian et al., 2015; Safarian et al., 2021; Shaharum et al., 2019;
Sharma et al., 2018; Supriyanto et al., 2019; Suresh et al., 2020;
Vacchiano et al., 2018; Yang et al., 2021)
‘;Pera“on ChO”d'“O”_S (27), " multihidden-layers ANN (incl. . (Abdulsalam etal, 2020; Castro et al,, 2017; Chouaibi et al., 2020;
lomass characterisation MISO/MIMO-ANN) (7) Costa et al., 2018; Ozonoh et al., 2020; Sahoo et al., 2018)
ANN data (26), remotely
sensed/sgnsor/LULC images MLP (5) c (Ghugare et al., 2014; Hajinajaf et al., 2022; Ighalo et al., 2021;
DL (7), biomass texture Parthiban et al., 2012; Singh Chouhan and Singh, 2020)
images/metrics (5)
BP (6) 5 (Gokhale et al., 2020; Hosseini et al., 2017; Lafet4 et al., 2018; Li et
al., 2021; Parthiban and Parthiban, 2012)
ANN-ACO/GA/GP (4) 3 (Belltramo et al., 2016; Bezerra et al., 2021; Elnjikkal Jerome and
Dwivedi, 2022)
LMANN (3) 3 (Giiner et al., 2022; Lee et al., 2020; Ozcelik et al., 2017)
RBF (3), FNN (2), Deep Taylor 5 (Jin et al., 2017; Kartal and Ozveren, 2022; Rasam et al., 2021;
Decomposition (1) Selvarajoo et al., 2020; Yan and Li, 2019)
ANFIS biomass characterisation ANFIS (3), PSO-ANFIS (1), ANFIS- 5 (Deo et al., 2019; Jacome et al., 2021; Jahanbakhshi and Salehi,

data (2) CM (1)

2019; Olatuniji et al., 2019; Rasam et al., 2021)




remotely sensed/senor/LULC

(Agustin et al., 2020; Bell et al., 2020; Chang et al., 2021; Ferguson et

CNN images (4) CNN (5), U-Net (1) 6 al., 2021; Fujimoto et al., 2019; Liao et al., 2022)
Socioeconomic factors (6), (Anar et al., 2017; Cervelli et al., 2020; Fiorese et al., 2013; Frank et
IDSS IDSS biomass quantification/types DSS (9), DSSAT (1), DSS-MILP 13 al., 2015; Gracia et al., 2014; Landis et al., 2018; Oliveira et al., 2018;
(6), geographical information (1), DSSE (1), DSS-GA (1) Pavlou et al., 2016; Rentizelas et al., 2014; Silva et al., 2014;
data (7) Strandgard et al., 2022; Tsakalova et al., 2015; Zhang et al., 2017)
(Akintunde et al., 2015; Betiku and Ajala, 2014; Chouaibi et al., 2020;
RSM (8) 8 Elnjikkal Jerome and Dwivedi, 2022; Lee et al., 2020; Li et al., 2021;
operation conditions (8), Ozonoh et al., 2020; Suresh et al., 2020)
Others biomass characterisation
data (6) MLC (1), GBLUP (1), S-MCDA (1), (Anar et al., 2017; Baroukh et al., 2017; Cervelli et al., 2020; Frank et
RZWQM (1), ExtendSim (1), 7 al., 2015; Grinberg et al., 2016; Pavlou et al., 2016; Shaharum et al.,

GISCAME (1), DRUM (1)

2019)




2.5. Conclusion

In this review, 96 papers about Al applications in agricultural bioenergy systems were studied in 3
aspects: theory/simulation, experiments/research, and case studies. 3 phases of Al application in
bioenergy have been identified: detection of biomass feedstock, bioenergy production/process, and
bioenergy usage. 24 types of Al algorithms and 11 types of data were reviewed, where ANNs were
mainly used, especially in bioenergy production, for high forecasting efficiency and generalisation.
Otherwise, SVM/SVR was frequently used in the biomass prediction domain and outperformed RF
due to its better robustness. The integrated IDSS was widely used for decision-making, particularly
in optimising the BSC. Additionally, the unique features of other types of Al platforms made them
stand out in their respective fields.

The power of Al in the bioenergy sector, solving problems such as biomass prediction, feedstock
classification, production modelling, and product output estimation, was demonstrated. Compared
to traditional methods, Al is time-saving, inexpensive and robust in generating imponderable data.
The application involves biomass visualisation, property evaluation, composition analysis, reaction
modelling, and performance optimisation. Furthermore, Al addresses the limitation of high accuracy
and computational performance in detection and supports fast convergence without extensive a
priori knowledge in production. It showed excellent automaticity in decision-making and planning in
usage.

This review recognizes the potential of Al technologies for the bioenergy sector to improve the
efficiency and sustainability. Using ANNs, SVMs, and other Al algorithms to optimize processes such
as biomass detection, and production modelling, agricultural bioenergy producers can reduce costs
and improve product quality. Policymakers should consider supporting research and development
efforts in Al for the agricultural bioenergy sector to help promote a more sustainable and efficient
energy future. Furthermore, policies that encourage the adoption of these technologies could help
support the achievement of national and global environmental goals, such as reducing greenhouse
gas emissions under the Carbon Neutralization Target (2021) and promoting a smart and sustainable
digital future for European agriculture and rural areas (Peter Gailhofer et al., 2021).

This study has a limited focus on Al applications in agricultural bioenergy systems since it focused
on agricultural bioenergy but did not cover other potential areas where Al could be applied, such as
energy storage, distribution, and grid management. Future research should explore new areas for
Al applications, such as energy storage and grid management, and use big data analytics to enhance
Al models. Interdisciplinary research is also needed to develop more comprehensive and integrated
Al applications that consider social, economic, and environmental factors that influence bioenergy
production and consumption, e.g., estimation of potential global bioenergy and optimisation of the
siting of bioenergy plants. Additionally, to ensure the robustness and explainability of Al models,
future research should focus on developing models that can handle uncertainty and variation in data,

adapt to changing conditions, and learn from experience while being interpretable for stakeholders.
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3. Bioenergy potential from agricultural by-product in 2030: an Al-based spatial analysis and

climate change scenarios in a Chinese region
3.1. Abstract

Addressing the pressing need for sustainable bioenergy sources amid the growing climate crisis,
this study investigates potential crop bioenergy output in the Jianghan Plain, Hubei, China. The
research leverages Backpropagation Artificial Neural Network models to predict the accumulated
net primary productivity (NPP) of various crops, i.e., single rice, double rice, maize, and wheat, in
Jianghan Plain. The models highlight a strong predictive performance, with the SE model achieving
an R? of 0.83 and wheat model an R? of 0.90, implying these models can be utilized reliably for future
NPP forecasting. Our evaluation of past and future NPP values reveals a negative correlation
between the increase in NPP values and observed temperature trends. This emphasizes the
significant impact of temperature on crop bioenergy potential. For future NPP predictions, scenario
(Ssa) under Temperature Control strategies at medium-effort mitigation yields a favourable outcome
for all crops, particularly SE. Additionally, the results suggest that aggressive decarbonization and
global warming mitigation strategies are vital for enhancing NPP values. However, the study also
highlights potential trade-offs and stresses the necessity for region-specific climate reconciliation
strategies; for instance, midland counties benefit from temperature control, whereas the sideline
favours CO, mitigation. The study further investigates the spatial distribution of potential bioenergy,
with the southwestern part of the plain holding more bioenergy potential, providing an essential
reference for future energy planning. By 2030, in Jianghan Plain, when fully integrated with
reasonable climate responses, there could be substantial bioenergy potential from crop residues
reaching (1.2~1.9)x10° MJ, which is 11% less than the current. The graphical abstract is shown in
Fig. 3.1.
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Fig. 3.1 Graphical abstract of bioenergy potential from agricultural by-product: an Al-based spatial
analysis and climate change scenarios in a Chinese region
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agricultural by-products, global warming mitigation

Abbreviations:
AD Anaerobic Digestion
Al Artificial Intelligence
BP-ANN Backpropagation Artificial Neural Network
DL Double-season late rice/ double rice
FFNN Feed Forward Neural Network
GEE Google Earth Engine
GPP Gross primary productivity
MAE Mean absolute error
ML Machine learning
NPP Net primary productivity
R? Coefficient of determination
r2 Pearson Correlation Coefficient
RMSE Root mean square error
SE Single-season early rice/ single rice
THC Thermochemical Conversion
TRANS Transesterification

3.2. Introduction

The global energy landscape faces a crisis due to heavy reliance on non-renewable resources and
the environmental impact (Dogan et al., 2023). Using advanced technigues to probe the bioenergy
potential of agricultural residues is vital to green energy and reducing carbon emissions (Kumar
Sharma et al., 2022). These residuals (e.g., straw, husks, and stover), integral to the bioenergy
supply chain, make up a significant portion of agricultural output, contributing to 30% to 40% of mass
yield from staple crops like rice, wheat, and maize (Rezaei et al., 2023). These agricultural by-
products, frequently deemed waste, hold substantial potential for bioenergy, constituting about 38
EJ annually worldwide, approximately 20% of global oil use (Xing et al., 2021). Converting
agricultural by-products into bioenergy aligns with the key goals of 2030 Agenda for Sustainable
Development, particularly in advancing renewable energy (SDG 7) and the sustainable use of
terrestrial ecosystems (SDG 15) (Adamu et al., 2023).

In China, as the government strives to attain peak CO, emissions by 2030 and integrate 20%
renewable energy into the primary energy mix, harnessing biomass resources is crucial; these
resources have the potential to yield over 140 million tons of bioenergy annually (Nie et al., 2022).
Therefore, the bioenergy path appears promising. Policies in Hubei Province support sustainable
straw use, integrating ecological, economic, and social benefits for bioenergy; National Statistic
Yearly Books shows that Jianghan Plain (3.9x10*km?), as a major farming area in central China, a

leading contributor of rice, wheat and maize (85% of all crops), generates 8.4x10°kg of crop straws



annually (Liu et al., 2023). Abundant crop residues hold substantial bioenergy potential, with
distribution varying based on crop phenology and shifting climate conditions. These spatial
disparities require diverse strategies for bioenergy conversion, transportation, storage, and utilization,
considering topographical and climatic differences. Hence, to comprehend the mechanisms of
FOLPDWLF DQG VSDWLDO YDULDELOLW\ LWV YLWDL® KMWRLHA HS/O FEOH. F
change, and bioenergy potential. Bondeau et al. (2007) demonstrated that shifts in land-use and
phenology affect carbon and water cycles, influencing bioenergy potential. Jensen et al. (2012)
emphasized the significance of climate change on crop yields and residues, particularly regarding
legumes in the global nitrogen cycle. Changes in farmland suitability under climate scenarios indicate
regions and their bioenergy potential most affected by climate change (Zabel et al., 2014).

While bioenergy can contribute to climate mitigation, CO; levels and temperature have dual effects
on crops and their residues. Liang et al. (2023) discovered elevated temperatures accelerate crop
growth, reducing crop yield, while altered CO: levels impact the decomposition rate of crop residues
and their conversion into bioenergy. 7R DGGUHVYVY JOREDO ZDUPLQJ LWTUfFUXFLL
between carbon emissions and optimizing bioenergy potential. The Paris Agreement, with pre-
industrial levels (1850-1900) as a reference, strives to curb global warming to under 2°C, aiming
even lower at 1.5°C (Rhodes, 2016). Various climate scenarios can result in diverse agricultural
outcomes, from minor yield changes with effective mitigation to significant disruptions with limited
VXFFHVV LQ PLWLJDWLRQ +HQFH LWV YLWDO WHRODODgimM/ [OH[L
mitigation with bioenergy yields, guiding sustainable development in the future bioenergy landscape.
Practically, we need to find a bioenergy indicator aiding spatial distribution analysis. Net primary
productivity (NPP) is the biomass or carbon produced by primary producers, calculated by
subtracting plant respiration from gross primary productivity (GPP), monitored by satellites (Hooper
et al., 2005). It serves as a recognized indicator of ecosystem responses to agricultural
environmental changes, encompassing climate shifts and carbon emissions. Alberto et al. (2009)
illustrated that CO; concentrations, acting as both a growth stimulant and potential stressor, affect
NPP values.

Moreover, to leverage the bioenergy potential of crop residues sustainably, advanced modelling
techniques capable of handling non-linear agricultural data patterns are essential. Among Artificial
Intelligence (Al) methods, Backpropagation Artificial Neural Network (BP-ANN) stands out for its
effectiveness in deciphering non-linear relationships in datasets influenced by dynamic climate
changes (Shi et al., 2023). It has demonstrated remarkable accuracy in predicting crop yields and
bioenergy potentials (Elavarasan and Durairaj Vincent, 2020), and NPP of various crops and forests,
owing to its ability to capture nuanced interactions between variables. Compared to other models,
BP-ANN gains further significance. While Linear Regression offers straightforward relationships, it
may not fully capture the complexity of agricultural datasets (Wen et al., 2021). On the other hand,

Decision Trees or Random Forests can handle non-linear data and highlight feature importance but



may struggle to discern intricate patterns or manage continuous data as effectively as BP-ANN (Patil
et al., 2023). Support Vector Machine (SVM), although proficient in classification tasks, may be less
effective in regression predictions within multifaceted datasets, as mentioned earlier (Drucker et al.,
1997). Additionally, once the network architecture is defined, BP-ANN is comparatively
straightforward to implement and serves as the foundation for creating composite algorithms, e.g.,
Backpropagation of Levenberg-Marquardt (Lv et al., 2018).

Furthermore, the spatial analysis requires automated modelling systems to generate, evaluate, and
refine models efficiently. ArcGIS, known for map creation, data analysis, and collaboration, provides
access to workflow-specific applications, global maps, and mobile field tools (Ferrari et al., 2022b).
Similarly, Google Earth Engine (GEE) serves as a powerful platform for managing and analysing
geospatial data at large scales, facilitating spatial assessments of crop productivity and bioenergy
potential (Gorelick et al., 2017). These tools enhance prediction accuracy and informed decision-
making, promoting sustainable bioenergy system development amid climate change.

To summarise, using advanced techniques, the interplay between agriculture, climate change, and
bioenergy has been studied spatially. However, most offered broad perspectives, neglecting specific
regional intricacies. Current modelling techniques face challenges in capturing accurate bioenergy

potentials amidst evolving climate impacts. Given this, we aim to answer these key questions:

x +tRZ GRHVY FOLPDWH FKDQJH DIIHFW WKH 133 YDOXHV RI PDMRU F

x :KDW FDQ EH H[SHFWHG LQ WHUPV RI ELRHQHUJ\ RXWE&KWOMWRWP D\
SUDFWLFHVY DQG FOLPDWH SDWWHUQV"™

X :KLFK FOLPDWH PLWLIJDWLRQ VWUDWHJILHV KREL&® MXHHUJIV ISR & X A/
DQG GR WKH\ ZRUN XQLYHUVDOO\ RU YDU\ E\ UHJLRQ"

This study centres on comprehending the potential consequences of various climate change
scenarios on crop straw bioenergy potential in Jianghan Plain by 2030. Using BP-ANN, we estimate
shifts in NPP values for the three main crops and their bioenergy contributions. Furthermore, we
explore four strategies related to temperature and CO; control. This collaborative effort will provide

guidance for climate mitigation aligned with sustainable bioenergy objectives.

3.3. Material and methods
3.3.1. Study area and data collection

The Jianghan Plain, a vast and fertile region, serves as a crucial source of bioenergy. This study
investigates the bioenergy potential of crop residues across 19 counties (Fig. 3.2).

Three main crops, rice, wheat, and maize, were used as our target to examine their distribution and
potential bioenergy (CSY, 2022). Rice is typically categorized as single-season early (SE) or double-

season late (DL) based on their phenological traits and cultivation methods (Xu et al., 2015).
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Fig. 3.2 Topographical map of the study area and targeted crops

Data derived from both statistical and satellite sources are presented in Table 3.1 and depicted in
Fig. 3.3&3.5 from 2001 to 2020. The statistical datasets primarily from the National Statistical Yearly
Books and CEADS, encompass field, geographical, and county-level records. Parameters, e.g.,
sown area, crop products, land workers, and CO; emissions, were standardized by harmonizing
units and aligning timeframes through conversion or interpolation. For example, a quadratic
regression with the strongest correlation was used to interpolate missing years in CO, emissions
data (in Section 3.4.3.4.) (Zhou et al., 2021).

Satellite datasets, mainly from TerraClimate, ERA5, ChinaCropPhen, ChinaCP, and MOD17A3HGF,
provide climatic environmental information, crop distribution, and GPP/NPP visuals. For parameters,
e.g., temperature and GPP/NPP, data extraction and processing were performed using GEE. The
TerraClimate and ERA5S datasets were cross-referenced to ensure consistency, selecting only
variables with a correlation coefficient (r> > 0.9)(Abatzoglou et al., 2018). Using maximum
temperature, the process begins by defining geographic features within counties and then filtering
the TerraClimate EDVHG RQ WLPH DQG YDULDEOHYV 7KHQ LW LV VHJPH(
function, and scaled with 0.1 and units uniformly converted. Additionally, ArcGIS facilitated the
processing of crop distribution raster data, emphasizing the stability of single and double cropping

data, via Spatial Analyst, Extract by Mask, Reclassify and Raster Calculator.
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Table 3.1 Statistical and satellite datasets on Jianghan Plain

. Period & . . Standardised
Category Parameter Unit Frequency Basis for Future Resolution Approach Source Reference
X7TRWDO 6RZQ $UHDV DQG 3URGXFWYV
Sown area of crops kha Policy & . . I
Crop products ton Zggﬁ t0 2020, Calculation Direct quotes $§23n%§;ﬂs“cal (CSY, 2022)
Yield ton/ha yearly Average Conversion y
X$JULFXOWXUH 3URGXFWLRQ
Land-worker County-
- Fertilizers (N, P, K) ton . level .
Statistical Electricity KWh Policy Direct quotes
Irrigation area
kha National Ministry of
County Area Constant Civil Affairs
x&DUERQ (PLVVLRQ
. 1997 to 2017, Regression+ (Chen et al.,
CO2 emission ton yearly Si1, Sz, Ss3 Interpolation CEADs 2020)
x$LU THPSHUDWXUH
Sa, Sb, Sc+ - (Hersbach et al.,
Average (tmmm) ( 2001102020,  Weighted 27830 m hcﬂggf;lslteggy n:zitt;tion ERA5 2023)
monthly allocation b GEI%/ 9 (Abatzoglou et
Max, Min (tmmx, tmmn) Average 4638.3 m y TerraClimate al., 2018)
X(QYLURQPHQWDO )DFWRUV
S From other
Precipitation (pr) mm researches
Palmer Drought Severity Index (pdsi) (Piao et al
Evapotranspiration (vap) mm Monthly Segmentation . By
4638.3 m ; 2010; Ruigin et
Vapor pressure (vpd) kPa by GEE + Scaling al. 2008:
Water deficit (def) mm Average Zhuoran et al.,
Satellite  Soil moisture (soil) mm 2023)
' Monthly Segmentation
Wind speed (vs) m/s 27830 m + Vector summing ERA5
X'LVWULEXWLRQ
2001 to 2019 1000 m Consistency Test+ ChinaCropPhen (Luo et al
Crop mapping kha 2019 & 2020 Calculation Reclassificati_on & . 2020; Qiu.,et al
’ 500 m Zonal Analysis by ChinaCP 2022’ v
yearly ArcGIS )
X, QGH[ WR 3RWHQWLDO %LRHQHUJ\ (VWLPDWLRQ
GPP kgC/m? Extraction by GEE +
2001 to 2020, Masked by crops and (Running and
NPP kgC/m?  yearly Average 500m Zonal Analysis by MODI17A3HGF Zhao, 2021)
ArcGIS
Test & . County- Accumulated by
Output Accumulated NPP kgC Predict level regional crop areas




3.3.2. Parameters for bioenergy potential estimation

The bioenergy potential assessment utilized NPP/GPP values from MOD17A3HGF, masking them with
crop mapping data. Through ArcGIS, a pixel-wise multiplication operation was performed, resulting in a
raster signifying the NPP of specific crop areas, via Zonal Statistics tool. This approach allowed for a
detailed spatial representation of crop productivity at the county level, i.e., accumulated NPP values,
and established a quantitative framework for evaluating the productivity of individual crop types.

The biomass accumulated in each crop type is determined by the accumulated NPP values. A multi-
step procedure estimates the potential bioenergy from accumulated NPP values for each crop type
(Table 3.2). Initially, we assume total biomass (kg) is equal to NPP for simplicity and comparability with
RWKHU VWXGLHV GHVSLWH DFNQRZOHGJLQJ WKLV LVQITW IMOX@LEYH U \
Next, dry biomass is calculated by assuming that roughly 75% of fresh biomass consists of water, which
means the proportion of dry matter is typically assumed to be around 0.25, as IRENA (2020) reported.
The carbon content is determined by multiplying the dry residue biomass by the carbon content
percentage (40% to 47%) (Nguyen et al., 2016). Energy content is determined by multiplying the carbon
mass by the energy content parameter, which signifies the heating value, typically falling between 15 to
18 MJ/kg of carbon. Finally, bioenergy potential is derived by multiplying the energy content by the
conversion efficiency unigque to each biomass type and conversion process, containing Anaerobic
Digestion (AD), Hydrolysis/Transesterification (TRANS), and Pyrolysis/Thermo-chemical Conversion
(THC).

Table 3.2 Parameters of potential bioenergy from crop residue conversion

Conversion ratio Reference
Carbon  Energy
Crop content  Content Hydrolysis .
%)  (M/kg) AD / Pyr?h’é'S’
TRANS

Single Rice 40 15 0.55 0.70 0.43 Chiumenti et al. (2019);
Double Rice 43 16 0.58 0.73 0.4 Ferrari et al. (2022a); Lee

Maize 45 18 0.60 0.75 0.48 et _aI. (2019); Uddin and

Wheat 47 17 0.57 0.72 0.44  Wright(2022)

Carbon content: the proportion of carbon in dry residue biomass.
Energy content: the stored energy in dry residue biomass, indicated by its heating value.
Conversion efficiency: the effectiveness of transforming biomass into bioenergy products.



3.3.3 Prediction model of neural networks

Given multiple variables, e.g., temperature, precipitation, and soil moisture (Section 3.3.1 and Table
2.1), BP-ANN can capture the nuanced interplays between these factors, which is more suitable but
simpler than other algorithms (e.g., Linear regression, Decision Trees, SVM). Thus, our research utilizes
BP-ANN to predict the accumulated NPP values.

Four models (SE, DL, Maize, and Wheat) are built for crops, wherein the models for SE, DL, and Wheat
consist of 3 hidden layers, while the Maize comprises 5 (Fig. 3.4). All modelling and validation processes
are built in Python 3.10.8. Data pre-processing, comprising an 80:20 training-testing split and
normalization, is performed with Scikii-OHDUQfV 5REXVW6FDOHU 7KLV PHWKRG RPL
standard deviation calculations, then applies these metrics for variable scaling. The Sequential model
is built with the Keras library, an open-source high-level ANN library that includes various Dense layers,
e.g., those with linear, ReLU, and Tanh activation functions, labelled as ( Q§ Regularization techniques,
e.g., Dropout and L?-regularization are incorporated to manage overfitting and control model complexity.
Besides, in all models, the batch sizes are set at 50 for 400 epochs, with the early stopping (Patience =
10). The learning rate is at 10° (SE, Wheat, and Maize) and 10 (DL).

Except for Wheat, the models use the Nadam optimizer with the loss function. Models underwent 400
epochs of training with Early Stopping and adaptive learning rate adjustments. Testing dataset validation
followed. Post-training, models were evaluated using MAE, RMSE, and R? Score. Test predictions
underwent inverse transformation for comparison with actual data. Model architecture was uniform in
terms of input and output layers. The outputs were aggregated NPP values across 19 counties, with

inputs comprising sown area, crop yields, CO, emissions, temperature, etc. (Table 3.1).
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3.3.4. Future datasets and scenario development



3.3.4.1 Carbon peaking and global warming mitigation

China has committed to peaking CO, emissions before 2030 as part of its international climate pledge.
This study evaluates the potential success of this commitment through an in-depth study of the CO;
emissions in the Jianghan Plain. Using CEADs and the quadratic regression, it demonstrates an
accurate representation (r>>0.9) of the CO emissions characteristics over time, as depicted in Fig 3.5(a)
(Zhou et al., 2021). From this, 63% of 19 counties are projected to achieve carbon peaking by 2030,
and the plain will reach by 2034 with a 10% increase by 2020 (Table 3.3). However, three heavily
industrialized counties, Caidian, Hanchuan, and Zhijiang, are far from achieving this target.
Consequently, three scenarios have been chosen based on the following strategies in Fig 3.5(b) (Huo
et al., 2023):

X 6FHQDUAR*UDGXDO GHFDUWKRQL]|DWLREUHPHQWDOHRWNILBRY RX&Y |
LQFUHDVH VFHQDULR DVVXPHV DJJUHVVLYH GHFDUERQL]DWLRQ ZL)\
HQHUJ\ HIILFLHQF\ DQG PDMRU LQGXVWULDO HPLVVLRQ UHGXFWLR

X 6FHQDULKR ORGHUDWH GHFDUERQL]JDWLRQ 7KH LQFUHDVH VF
GHFDUERQL]DWLRQ DSSURDFK ZLWK VORZHU DGRSWLRQJRLF OHNY
&2 UHGXFWLRQ ,W DOLJQV ZLWK SROLF\ FDUERQ SHDRQNVDW RHWK/L \
SHUFHQWDJH

x 6FHQDUBR /LPLWHG GHFDUERQL]JDWLRQ 7KH LQFUHDVH VFHQD
UHGXFHHPLVVLRQV OHDGLQJ WR D VORZHU WUDQVLW LLFQ HVRDQRZ
WHFK DGYDQFHPHQWY IDOO VKRUW RU LI HFRQRPLF JURZWEHN®OG L
DOLJQV ZLWK -LDQJKDQ 30DLQYV FXUUHQW VWDWXYV

Basing future temperature predictions solely on past changes is unsuitable due to limited size and
specific conditions in Jianghan Plain. Consider broader climate change factors in central China and
globally, using monthly temperature averages in future datasets. For global warming mitigation, the
World Meteorological Organization confirmed that the global average temperature had already risen by
about 1.11 (x 0.13) °C by 2021 (Kappelle et al.,, 2022). This shows a rising global temperature,

demanding urgent action to address climate change impacts:

X 6FHQDUBR BLOG 7THPSHUDWXUH ,QFUHDVH $ f& ULVH E\ VLJC
FOLPDWH FKDQJH 7KH 3DULV $JUHHPHQWYTV JRDOV DU&KDEKWVHY HC
HPLVVLRQ FXWV SURPRWLQJ UHQHZDEOHV DQG DDTKLD IUHN X DWK
PLQLPDO WHPSHUDWXUH ULVH LQ WKH -LDQJKDQ 30DLQ

X 6FHQDUIBR 3D UWLDO PLWLJDWLRQ VXFFHVV OHDGV WR D PRGHUD\



JUHHQKRXVH JDVHV ULVH VORZHU DFKLHYLQJ SDUWPD® HRIRDLFRH
UHVXOW LQ OLPLWHG SURJUHVV LQ UHQHZDEOHV DQ® LARRIGH/MNXD
WHPSHUDWXUH ULVH LQ -LDQJKDQ 30DLQ

X 6FHQDUBR /&PLWHG PLWLJDWLRQ OHDGV WR D VHYHUH f&®@LVH I
WHPSHUDWXUH VXUSDVVLQJ f& DERYH SUH LQGX\FW XV DQJOWHYIHQ VL |
WHPSHUDWXUH ULVH LQ -LDQJKDQ 30DLQ

Table 3.3 Peaking of CO2 emissions by county and model fit

Region CO, Emission/Mton Peak Year r?
Peak 2020 2030

Jingzhou 8.4 7.6 8.3 2034 0.95
Shashi 25 25 25 2026 0.92
Jiangling 1.0 0.8 0.9 2049 0.97
Songzi 14 1.3 14 2028 0.94
Gongan 1.7 1.7 1.6 2024 0.94
Shishou 0.7 0.7 0.7 2022 0.93
Jianli 2.6 2.6 2.3 2022 0.94
Honghu 14 14 1.4 2029 0.95
Xiantao 5.1 5.1 5.0 2025 0.95
Qianjiang 6.1 5.4 6.0 2036 0.95
Tianmen 1.2 1.2 11 2025 0.94
Caidian 9.9 12.3 2067 0.97
Yingcheng 1.0 0.9 1.0 2037 0.94
Hanchuan 5.7 7.6 2080 0.97
Shayang 1.8 1.8 1.6 2021 0.92
Zhongxiang 13 13 11 2021 0.89
Jingshan 11 11 1.0 2022 0.91
Yicheng 1.8 1.8 1.6 2022 0.93
Zhijiang 24 2.9 2068 0.96

Jianghan Plain 60.5 54.8 60.2 2034 0.94
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Fig. 3.5 Climate change tendency and mitigation scenarios: (a) County-level CO, emissions and fitted
trends; (b) CO- scenarios (Si1, S2, S3); (¢) Temperature scenarios (Sa, Sp, Sc); (d) Nine-scenario box.

3.3.4.2 Scenario-based and comprehensive datasets

Fig. 3.5 (d) presents nine 2030 scenarios (Sia to Szc), combining CO, emission and temperature
increases. Each scenario predicts yearly temperature changes, with monthly variations, like warmer
summers and cooler winters. Thus, we used a weighted allocation approach to estimate 2030 changes:
it projects 2030 temperatures by adjusting 2020 averages using calculated increases, factoring in

monthly weights and yearly temperature differences across scenarios.



Two datasets were created for a clearer comparison of the influence of climate change variables. The
first one, Scenario-Based dataset, focuses solely on changes in monthly average temperature and CO:
emissions across nine scenarios, maintaining all other variables at 2020 levels. The second one,
Comprehensive dataset, includes adjustments in all data for a more realistic representation, shown in

Table 3.1, following three principles:

X 3ROLF\ UHTXLUHPHQWYV REGQRIW KHIR YMXGR HE W WMLRXHHEG IDKH) R U
VWDQGDUG )DUPODQGXLGLQJ SURYLQFLDO DJULFXOWXUDO GHYHC
OHYHO FURS DFUHDJH DQG UHVRXUFH PDQDJHPHQW FKDQJHV
FRPSUHKHQVLYH GDWDVHW LQFRUSRUDWHY WKHVH YKHVHD E@/K\G LH |
LQFOXGH DQDO\VHV RI DLU WHPSHUDWXUH DQG SUHFLSLUNMWLRQ
WHPSHUDWXUH DQG SUHFLSLWDWLRQ SURMHFWLRQWIRDEHQWUDC
DVVHVVPHQWYVY RI FOLPDWH FKDQJH LPSDFWV RQ DJULFXW®MRQY RO
FOLPDWH FKDQJH ZDWHU VFDUFLW\ DQG DGDSWDWLRQ PHDVXUHV

X $OJHEUDLF FDORRBDYWLWRMPEOHY KDYH VWURQJ FRUUHODWLRQV
HTXDWLRQV RU IXQFWLRQV &KDOOLQRU HWHKHVH UHO DMHRVQVIKLSY
GDWDVHW DOORZV WKH PRGHO WR FRQVLGHU YDULDEOH LQWHUFR(

X $YHUDJLQJ SUHGLFWHG YDOXHV IRUIDHODBRQNW@\L W\K DEVOBIE © Bl UWD|
H[WHUQDO LQIOXHQFH FDQ EH HVWLPDWHG E\ DYHUDJGQGREBWWI MV U

7KLV PHWKRG DVVXPHV WKHVH YDULDEOHV ZLODOWH®BGQWR
KLVWRULFDO WUHQGV LQ WKH IXWXUH

3.3.5 Climate reconciliation strategies for bioenergy

In previous statements, nine scenarios were presented regarding the potential adverse impacts of CO-
emissions and climate warming on agriculture and bioenergy fields. The efforts in mitigating climate
change range from low to high effort.

Considering these factors, along with various policies, the connection between climate regulation and
crop bioenergy needs more research, especially at the county level and across different crops. While
positive correlations have reasonable explanations, what if partial positives or occasional negatives
occur? How do we navigate strategies and interpretations? Are trade-offs necessary for greater benefits?
To address these questions, this section presents four reconciliation strategies: Synergy (Syn.), CO;
Control (c.CO), Temperature Control (c.T), and Trade-off (Tr.off)(Table 3.5).

Here, c.CO;and c.T are of partial Syn., as they both benefit from being controlled. The nine-scenario

box in Figure 4(d) is a valuable tool for analysing future crop bioenergy strategies. When effort levels



combine, the Syn., ¢c.COz and c.T strategy can yield the highest NPP in multi-crop counties, with the
lowest values in Ssc (for Syn.) or under S, (for ¢.CO2) or S; (for ¢.T)(Table 3.5). Furthermore, Tr.off
suggests that too-aggressive climate mitigation harm NPP values, favouring a milder strategy where the
peak is at Szc. This is observed in fully industrialised, urbanised regions less compatible with the carbon
peak (Table 3.3).

3.4. Results and discussion
3.4.1. Model performance

Our work assessed BP-ANN models for predicting accumulated NPP of SE, DL, Maize, and Wheat. The
performance of the models is presented in Table 3.4. The varying R? values across different crops are
attributed to several factors. High R? for SE (0.83) and Wheat (0.9) reflects the robustness of models in
capturing the growth patterns and environmental responses, consistent and well-documented in
Jianghan Plain. Conversely, moderate R? for DL (0.59) and Maize (0.67) indicates complexities like data
variation and diverse environmental factors, necessitating combined usage for reliable predictions
(Henseler et al., 2009). These results underscore the complexity of agricultural modelling, where unique
crop factors crucially impact predictive accuracy, affirming model reliability for future yield and NPP
forecasts.

Table 3.4 BP-ANN model performance

Model MAE RMSE R? Performance Reference
Single Rice 0.74 0.90 0.83 High
Double Rice 0.59 0.78 0.59 Moderate (Henseler et al.,
Maize 1.04 1.73 0.67 Moderate 2009)
Wheat 0.45 0.57 0.90 High

*Model names have uppercase initials.

3.4.2. NPP values and trends

3.4.2.1. Past and future NPP values

Using predictive models and both scenario-based and comprehensive datasets, the accumulated NPP
values were obtained at the plain level. For a holistic, reliable analysis, we combined outputs from all
four crop models, mitigating individual limitations and HQKDQFLQJ WKH FRPSUHKHQVLYHC



outcome. Fig 3.6 illustrates the percentage increment compared to 2000 values. Over the decades, NPP
increments fluctuated, with peaks mid-period and lower values at the start and end. Notably, NPP
increments, as observed, inversely correlated with temperature trends (Fig. 3.5 (c)). During warmer
periods (2002-2008 and 2015-2020), NPP growth stagnated or turned negative: -2% for SE, -9% for
Wheat, and -3% for Crops. This highlights the importance in boosting regional bioenergy potential

through higher temperatures.
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Fig. 3.6 Accumulated NPP values increase at the Jianghan Plain level

Further analysis uncovered variations in predicted NPP values across nine scenarios. The
Comprehensive dataset generally predicted higher NPP values than Scenario-Based ones (Figure 5).
For a holistic, reliable analysis, the entire plain, Ssa shows a more favourable NPP outcome across alll
crops, especially SE, with a 2.1% increase from 2000. This underscores the need for a multifaceted

approach in NPP prediction, considering temporal shifts, temperature trends, and dataset specificity.

3.4.2.2 Factors influencing NPP and potential bioenergy

ANOVA consistently revealed significant differences between Comprehensive and Scenario datasets.
High F-values (257 for SE, 2506 for DL, 4761 for Maize, and 368 for Wheat), and low p-values (102! to

10*) confirm these differences are not random. Therefore, the Comprehensive approach proves to



provide a more holistic representation on potential bioenergy prediction, compared to the Scenario-
based, with implications for improving agricultural practices and resource allocation across the entire
plain. specifically, scenario-based datasets, accounting for CO;, emissions and temperature changes,
show the accumulated NPP values for all crops range from 6096 (S1a) to 6135 (Sac) (10° kgC, same in
Sections 3.4.2.2.&3.4.2.3.), with a maximum difference of 0.6%; the Comprehensive shows from 6269
(S1p) to 6295 (Sza), with a maximum difference of 0.4%. Notably, NPP values for all crops under the
Comprehensive approach surpass those under the Scenario-Based approach, rising by 2.8% to 3.2%.
These results highlight the importance of multifactorial NPP projections, reinforcing the significance of
Comprehensive predictions.

Furthermore, accumulated NPP values for each crop under scenarios exhibit variations. For SE, it
decreases by 0.8% under higher CO, and temperature scenarios (Ssc) in Comprehensive datasets.
Similar trends are observed in the other three crops, emphasizing the importance of considering various
future scenarios when predicting bioenergy potential from these crops. It also reveals the significance
of decarbonization and global warming mitigation to maintain and boost NPP values at the plain level.
In more aggressive scenarios, the NPP for all crops tends to exceed that in less aggressive ones in both
datasets. The maximum increases observed are 0.8% (SE), 2.0% (DL), 1.6% (maize), and 0.4% (wheat),

highlighting potential benefits of CO, emission reduction and temperature control measures.

3.4.2.3. Implications of climate reconciliation strategies for bioenergy

The study suggests that climate change mitigation generally (74%) benefit the region, but some areas
may experience trade-offs. For all crops, 14 counties have the characteristics of Syn. or Partial Syn.
(Table 3.5). Qiangjiang and Jiangling exhibit the typical Syn., both accumulated NPP values ranging
from Sac to S1a with differences ( Gnaxmin) 0f 1.3% and 0.5%. Four counties, Honghu, Hanchuan, Xiantao,
and Zhijiang, demonstrate ¢.CO; strategy with differences between 0.9% and 5.3%. Eight counties
display c.T strategy with differences between 0.3% and 3.1%. Besides, three counties, Shashi, Gongan,
and Caidian, are in Tr.off patterns. Greater differences indicate a more significant impact of climate
change, emphasizing the importance of implementing strategies. The differences are shown in Fig 3.7
spatially.

Notably, in Caidian and Shashi, we discovered that accumulated NPP was consistently lower. This is
due to smaller land and crop areas. Further investigation shows these counties prioritize the economic
development, resulting in higher carbon emissions than agriculturally focused regions. In 2021, Wuhan
(including Caidian) had a GDP of 177 billion CNY, with Shashi contributing 55 billion; other areas
(excluding Hanchuan) ranged between 12 and 40 billion (CSY, 2022). Thus, industrial growth in Caidian

and Shashi may reduce NPP values. This findings suggest a conflict between climate change mitigation



DQG ELRHQHUJ\ SRWHQWLDO :KLOH LW GRHVQTW FRQF GXasltheHO\ HQ
scenario for both counties, it indicates the need for regional alignment in strategies, considering
neighbouring counties or the entire plains. Policymakers may need to explore alternatives to traditional
bioenergy sources to mitigate potential decreases, considering diversifying bioenergy sources beyond
agriculture, implementing industrial carbon capture and storage (CCS), and promoting eco-friendly
practices, e.g., waste-to-energy programs, to mitigate environmental impact and sustain local bioenergy
(Malhi et al., 2021).

In Gongan, Tr.off is evident. While CO, emission interventions benefit NPP growth here, further
research is needed. Policymakers must weigh climate interventions against crop bioenergy
development. If climate trends are unavoidable, Gongan may not prioritize crop biomass energy,
assuming crop planting plans stay unchanged. Instead, policymakers could adjust planting plans,
increasing SE and reducing wheat areas by 2030. This change would shift from Tr.off to c.T and
correspondingly convert the scenario from Ssc t0 Ssa.

Therefore, for all crops in Jianghan Plain, adopting the c.T strategy is recommended, with over half of
the counties reaching peak bioenergy potential (6296). Additionally, by diversely adopting optima
reconciliation strategies in each county, Jianghan Plain can maximize values (6334) (Section 3.4.2.4.).
For specific crops, results are various (Table 3.6). DL and maize, with smaller acreages and yields than
SE and wheat, are not listed, given their limited bioenergy contribution. 53% of counties show positive
responses to climate strategies (58% for SE crops, 47% for wheat), indicating varying county-crop
dynamics and distinct approaches for SE and wheat biomass feedstocks. In plain-level, SE favours Sz,
under c¢.T (3971), consistent across all crops, while wheat prefers Sic under ¢.CO, (2109). Regarding
regional and crop disparities, maximum values can reach 3987 (SE) and 2132 (wheat) with diverse
strategies. Moreover, counties can optimize bioenergy from crop straws by adopting locally strategies,
HJ -LQJ]IKRXYV KLJKHYV B)mitiRridetrau in\strate® &T, as guided by region-specific
methods in the Table 3.6.

3.4.2.4. Spatial variation in climate reconciliation strategies

Fig. 3.7 shows distinct spatial preferences for maximizing bioenergy potential in NPP values and how
adopting these preferences might lead to beneficial outcomes ((Onaxmin). IN general, midland cities,
ranging from north to south, benefit more from c.T strategy, while c.CO; strategy favours sideline cities.
Central cities, like Qianjiang and Jingling, profit from both controls.

Combined with plain topography (Fig 3.2) and industrial analysis (Bates, 1998), intriguing patterns
emerge. Due to the absence of the Urban Heat Island effect (Manoli et al., 2019), midland counties like

Yicheng to Jianli, experience lower summer temperatures ( R4E8B=32.2 ( in July) This is beneficial for



rice growth, leading to higher straw yield. Therefore, maintaining optimal temperature enhances
productivity. Conversely, sideline cities ( R4¥® 132.8 (), near major industrial zones and enduring
stronger winds (average wind speed R3S 0.8 m/s vs Yicheng), face higher levels of CO; pollution.
Examples include Hanchuan ( R$ 1.3), Xiantao (1.2), Honghu (1.3), near Wuhan (including Caidian),
and Zhijiang near Yichang. Hence, mitigating CO, emissions can reduce negative impacts on
agricultural productivity, enhancing straw availability for bioenergy. Moreover, central cities like
Qianjiang and Jingling, between midland and sideline cities, benefit from both conditions.

This spatial variation emphasizes the need for region-specific environmental control to maximise the
bioenergy potential in the plain. It links NPP values, and climate scenarios to enhance bioenergy

potential through strategic agriculture and climate adaptation.
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Table 3.5 Specific scenarios and strategies for all crops

Mitigation ~ Strategy Nine-scenario pattern with differences (
efforts

Umax-min )

Description

lax-min=1.3% 0.5%

Aggressive
Syn

Qianjiang
¢c.CO ghlax-min=5.3%

Jiangling

Moderate 1.9% 1.6%

Hanchuan Xiantao
2.4%

Honghu

c.T fdax-mir=3. 1% 2.0%

Tianmen Jingzhou

0.3%

Zhongxiang Jianli

1.1% 0.3%

Shayang
Gentle fhax-mir=0.9%

Jingshan Yicheng

Songzi

Zhijiang

Balances
agriculture
and climate
control for
optimal
bioenergy

Targets CO:2
emission
reduction to
boost crop
yield and
bioenergy.

Adapts
farming to
temperature
trends for
bioenergy
optimization.

Mild Tr.off dax-mir=4.6% 2.9% 0.6%

Shashi

Caidian

Gongan

Accepts
some NPP
loss for
greater
climate
benefits in
industrial
areas.

* Green to Red signifies low to high accumulated NPP (108 kgC).



Table 3.6 The region-specific strategies for Single Rice and Wheat

Region Single rice Wheat Region Single rice Wheat
Jingzhou C.T/Sza Tianmen C.T/Sza n.s.
Shashi Tr.off/Ssc Caidian Tr.off/Sac €.CO/Syc
Jiangling n.s. Yingcheng n.s.
Songzi C.T/Sap n.s. Hanchuan n.s. €.CO2/Syc
Gongan C.T/Sza Tr.off/Sac Shayang C.T/Sza Tr.off/Sac
Shishou n.s. Zhongxiang n.s. Syn./Si1a
Jianli n.s. C.T/Sza Jingshan Syn./Sia n.s.
Honghu €.CO2/Ssc n.s. Yicheng n.s.
Xiantao C.T/Sza €.CO2/S1c Zhijiang €.CO2/S1c n.s.
Qianjiang C.T/S3zp Syn./S1a Jianghan C.T/Sza €.CO2/Syc
Plain

*n.s.: non-sensitive; /Sza: The highest value is achieved with Scenario Ssa.

3.4.3. Spatial distribution of potential bioenergy

Section 3.4.2. deeply explored the dynamics of NPP values, their influencing factors, implications of
climate reconciliation strategies, and the spatial preferences for maximising bioenergy potential. These
insights lay the groundwork for clear visual distribution of detailed analyses.

The calculated NPP value (kgC/m?) is defined for spatial visualization by dividing the accumulated NPP

E\ UHFRUGHG FURS VRZQ DUHDV 7DEOH ,VQIRP L © B RRW IV QD KWV R TX

in weighted terms, highlighting the crop bioenergy potential. This NPP value fundamentally differs from
the NPP value, despite having the same magnitude. Regions will adopt unigue reconciliation strategies.
Classified using Jenks Natural Break with future values as the baseline, differences in calculated NPP
values illustrate potential bioenergy distribution annually.

Fig. 3.8 displays the changes in calculated NPP values and crop distribution by year. Here, three
representative years were chosen, considering the natural disasters, image quality and pandemics (in
2020). In 2030, crop distribution remains unpredictable, so only NPP density is shown. A decreasing
trend in the total amount from 2000 to 2020 is observed from the colour shades, with precise values in
Fig 3.8 (b). In the plain, the mean calculated NPP (10 kgC/m?) decreased from 7.3 (in 2002) to 3.2
(2030), with accumulated NPP (10° kgC) dropping from 6882 (2010) to 5971 (2007). In 2030, NPP
values decreased by 11% compared to 2020.

In line with existing studies on biogas potential from agricultural waste, our results contribute to

bioenergy potential assessments in Hubei Province. Liu et al. (2023) outlined the spatial distribution of



biogas potential across 17 province cities in 2019: Southern cities showed notably high biogas potential,
accounting for over half of the straw biogas potential in the province; also, Jianghan Plain, especially its
southern and central regions, displayed pronounced straw biogas potential, indicating a more developed
biogas industry in those areas. Our findings reveal that the southwestern plain, including Songzi,
Gongan, and Shishou, as rich in bioenergy potential, ideal for energy planning. Similarly, in the central
plain, Zhongxiang and Tianmen are sub-optimal options since their superior strategical location. In brief,
the high bioenergy potential in the southwestern areas makes them prime spots for biomass facilities.
Additionally, Zhongxiang and Tianmen in the central plain offer strategic advantages for energy planning,
underscoring the role of our NPP calculations in site optimisation for sustainable development. Beyond
biogas potential, our research offers comprehensive insight into the bioenergy landscape, considering
spatial-temporal crop dynamics and climate change influences.

Furthermore, using the conversion ratio in Table 3.2, this study estimates the bioenergy potential in
2030 (Table 3.7). Calculations indicate a substantial potential of (1.2~1.9)x10° MJ from crop residues
in Jianghan Plain, fully integrated with a reasonable climate response.

In brief, our theoretical advancements are complemented by practical implications: the models are
robust predictors of crop yields, revealing diverse bioenergy potentials across Jianghan Plain due to
climate influences. From a policy standpoint, these findings emphasize the need for region-specific
climate reconciliation strategies, particularly highlighting Sz, for sustainable bioenergy by 2030. Uniquely,
our comprehensive approach, blending climate data with agricultural output, offers a pioneering

roadmap for bioenergy policy and a globally relevant framework for sustainable agricultural practices.
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Table 3.7 Expected maximum bioenergy potential in 2030 (108 MJ)

Bioenergy potential
Conversion Process Bioenergy products Double rice

Single rice Wheat . All crops
and maize
Anaerobic Digestion Biogas 8.2 6.1 0.7 15.0
Hydrolysis/ TRANS Bioethanol, Biodiesel 10.5 7.7 0.8 19.0
Pyrolysis/THC Bio-oil, Syngas, Biochar 6.4 4.7 0.5 11.6

3.5. Conclusion

This research utilises BP-ANN models to predict accumulated NPP of major Jianghan Plain crops,
demonstrating strong predictive capabilities (R? = 0.9) and technical potential in bioenergy research
(Section 3.4.1.). Importantly, our methodology integrates climate variations and agricultural outputs,
emphasizing their profound impact on potential bioenergy from residues. Findings highlight a negative
NPP-temperature trend correlation, indicating the importance of temperature regulation strategies in
enhancing regional bioenergy potential (Section 3.4.2.).

Our scenario analysis, especially the Sz, paints an optimistic picture for sustainable bioenergy
production in the region by 2030. Climate reconciliation strategies offer evident benefits, increasing NPP
by up to 0.8% (SE), 2.0% (DL), 1.6% (maize), and 0.4% (wheat)(Section 3.4.2.2.). However,
effectiveness varies spatially; midland cities favour c.T, while sideline cities benefit from c¢.CO..
Southwestern regions like Songzi, Gongan, and Shishou stand out for their bioenergy potential (about
10° MJ)(Section 3.4.2.3.&3.4.3.). Leveraging this potential, combined with informed climate strategies,
could result in significant bioenergy values by 2030.

Moreover, our study highlights the importance of adopting region-specific climate reconciliation
strategies and underscores the need for spatially informed policy-making (Section 3.4.2.4.&3.4.3.). By
harmonising the multifaceted requirements of climate change and agricultural outputs, we offer a
comprehensive roadmap for policymakers. For industrially prioritized counties, exploring alternatives to
traditional bioenergy sources may be essential to ensure sustainable growth and mitigate potential
decreases in NPP (Section 3.4.2.3.).

Nevertheless, this research has limitations. County-level analysis may not capture localized effects, and
while BP-ANN models demonstrate accuracy, their interpretability remains challenging, especially for
policy application. Uncertainties surrounding climate scenarios, technological advancements, and
potential shifts in socio-economic and policy landscapes add complexity. Future endeavours can refine
this work by employing higher spatial resolution data, incorporating explainable Al techniques for model
transparency, and integrating more advanced climate models to formulate strategies that fully leverage

agricultural bioenergy potential.
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4. Assessment of bioenergy plant locations using a GIS-MCDA approach based on spatio-

temporal stability maps of agricultural and livestock byproducts: a case study
4.1 Abstract

$GGUHVVLQJ WKH JOREDO FKD O O i@ gldba direc@veislod faivhiy shiddicdD EW R H W \
8QLWHG 1DWLRQV (XURSHDQ 8QLRQ DQG &KLQD OHDIBQHADIE WAV VKD
JURZWK DQG FDUERQ QHXWUDOLW\ KLJKOLJKWHQW D7RR®D OHPWWHLDYLH
VLWXDWHG ZLWKLQ WKH DPELW RI WKH 6XVWDYRPEWHQH YR FOS MU
WRZDUGY UHQHZDEOH HQHUJ\ VRXUFHV LWK VXEVWDQWLDQ@®QG D
+XEHL 3URYLQFH &KLQD ELRJDV WHFKQRORJ\ HPHUJHWHWHDQFHKPL
IREFXVHG RQ -LDQJKDQ 30DLQ HPSOR\V DQ LQWHJUDWHG DSSURDFK
OHDUQLQJ WRROV WR HYDOXDWH FURS \LHOG VW\DHE DKLV E IRR'JHIW WIZHRO
DJULEXOWXUDO E\ SURGXFWV L H FURS VWUDIZW D@D OHFHVMRRF KQ
0&'$ LQIRUPHG E\ *UH\ EDVHG '(0$7(/ FRQVWUDLRMD ® QIEQG HEGRQL
FULWHULD ZHUH DVVHVVHG WR LGHQWLI\ RSWLPDO VYWRUHMI FARLC
VLIJQLILFDQW ELRHQHUJ\ SRWHQWLDO DW 1 id N- \HIFXOWXUDQ E
SURGXFWV 6WDELOLW\ DQDO\WHV UHYHDOHG FR QRQIDVH R Q/GE & REP\DWQV
DQG ZKHDW LQ -LDQJOLQJ DV SULPDU\ FRQWULEXW R US/O DTGW R X2 U
SLQSRLQWHG DFURVV FULWLFDO FRXQWLHV =KRQJ[LDQJHOKDQU\DQ
VXSSO\ DQG GHPDQG XQGHU YDULRXV VWDELOLW\ VFMQIDIRV WKI
FULWLFDOLW\ RI PRGHUDWH ELRPDVV VWDELOLW)\ URAD VVRD KHKIR ® @/
HVVHQWLDO IRU HQHUJ\ GHPDQG IXOILOPHQW 7IOHRREWQ AROOE L RHKQ
UHVRXUFH H[SORLWDWLRQ DOLJQLQJ ZLWK JOREDO W R VIVDG QI\EV OX
XUJHQW QHHG IRU UHQHZDEOH HQHUJ\ VROXWLRQV DP LGNV W HWIWH DX
SUHFHGHQW IRU SROLF\ DQG SODQQLQJ LQ HQYLURQPH@QWDOQDIDUL
VWHS IRUZDUG LQ DFKLHYLQJ HQYLURQPHQWDO WVXWWIDSKE EO OWD EDK
LV VKRZQ LQ )LJ
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Fig. 4.1 Graphical abstract of the case study assessment of bioenergy plant locations using a GIS-
MCDA approach based on spatio-temporal stability maps of agricultural and livestock by-products.
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4.2. Introduction

The global energy landscape is facing a significant crisis, primarily due to an over-reliance on non-
renewable energy sources and the environmental impacts associated with their use. This situation
necessitates a shift towards renewable energy sources, aligning with the 2030 Agenda for Sustainable
Development (SDGs)(Willett et al., 2019). In response, the United Nations (UN) aims for global clean
energy access by 2030 and net zero emissions by 2050, securing over $400 billion for clean energy
initiatives (UNDP, 2021). Simultaneously, the European Union (EU) updated its Renewable Energy
Directive, setting ambitious goals for member states to reach a 32% renewable energy share by 2030,
later raised to 40% (EU, 2021). China is working towards achieving carbon neutrality by 2060, aiming
to reduce its greenhouse gas (GHG) emissions by 2.3 billion tonnes, prioritising a transition towards
renewable energy and reducing reliance on coal (IEA, 2021).



Agricultural by-products are considerable and accessible for bioenergy production. In Europe, the
annual potential of these bioresources is estimated at 950 million tonnes (Kumar Sharma et al., 2022),
while globally, it was 4 billion tonnes in 2018, primarily consisting of 20% crop straw and 70% livestock
manure (Zhao et al., 2018). Fully utilising agricultural by-products can significantly address the energy
crisis and environmental pollution, promoting renewable energy (SDG 7) and sustainable land use (SDG
15)(Adamu et al., 2023). To this end, policies and guidelines have been enacted to facilitate bioenergy
production from farm and biomass handling, reducing its environmental impacts (2001/81/EC, 2001).
Biogas technology offers a promising solution (Liang, et al., 2023). For instance, EU has experienced
significant growth in biogas electricity, with an installed capacity of 11.9 GW, generating 55.8 TWh
(Eurostat., 2020). Moreover, the capacity of biogas to reduce GHG emissions by 115 tonnes with just
10,000m®* XQGHUVFRUHV LWV FUXFLDO UROH LQ &KLQDHW H(UR0O22)Y WR DF
Specifically, Hubei Province in central China, generating 10% of total agricultural by-products, is an ideal
site for biogas development due to the high energy demand coupled with the current energy shortage
(Liu et al., 2023). They found the Jianghan Plain in Hubei, with its extensive agriculture and high crop
straw and livestock manure production, provides a strong foundation for biogas technology.

However, evaluating the wide-ranging impacts, including technical, environmental, social, and economic
advantages, of biogas projects is crucial for aiding bioenergy planning in the plain (Ferrari et al., 2022b).
To leverage the bioenergy potential of agricultural by-products sustainably, advanced modelling
techniques capable of handling non-linear agricultural data patterns are essential. Among Atrtificial
Intelligence (Al) methods, the Backpropagation Neural Network (BP-ANN) stands out for its
effectiveness in deciphering non-linear relationships in datasets influenced by dynamic climate changes
(Shi et al., 2023). It has demonstrated remarkable accuracy in predicting crop yields and bioenergy
potentials (Elavarasan, 2020). For bioenergy potential estimation, Shi et al. (2024), using BP-ANN,
demonstrated crop straws held 2.1x10° MJ potential in Jianghan Plain of Hubei (R?>0.83). They
harnessed the accumulated Net Primary Productivity (NPP, kgC/m?) of crops as it prioritises crop
distribution more effectively. For livestock manure, Liu et al. (2023) GHPRQVWUDWHG WKDW SO
potential from livestock manure was 9x108 MJ, which is 28.28% lower than straws. As CSY (2022)
recorded, the annual biogas production in this plain is over 4x108 MJ via larger-scale biogas projects
(AD volume>500 m3).

To fully harness bioenergy potential, thorough spatial analysis is vital to optimise bio-source exploitation
and simplify the supply chain, given the dispersed nature of agricultural by-products like crop sown area
(Yan et al., 2021). Thus, creating stable crop spatio-temporal maps is crucial for accurately calculating
straw yield to assess biogas production feasibility and efficiency, as shown in previous multi-temporal
yield pattern analyses (Blasch et al., 2020). They highlighted the innovation of combining multiple yield

maps, using PCA and K-Means clustering to reveal long-term variability and stability. This approach



identifies consistent high-yield zones that affect straw availability (Pascucci et al., 2018). Beyond PCA
and K-Means, tools like Hierarchical Clustering, Quantile-Based Binning, and Decision Trees are used
WR GHOLQHDWH VWDELOLW\ JRQHV WKURXJK VWDMNIHIWWERO OMHIPUWQ k
IUHH OXQFK”™ SULQFKF2hs& HI., Z0R3E dnktkgiiting algorithms can enhance large dataset
clustering for efficiency, scalability, and flexibility, and minimising errors (Sarker, 2022). Moreover, apart
from the integration of both crop grain yield and pasture total green dry matter to form a Stability Index
(McEntee et al., 2020), the spatio-temporal presence of crops can also be utilised by assessing the
frequency and regularity of crop appearances, rather than solely yield amounts. This approach allows
for effective mapping of biomass availability for energy production and is critical for ensuring a reliable
biomass supply for biogas production.

Guided by biogas potential estimates and spatio-temporal stability maps, strategic development of
biogas plants aims for efficient allocation. A key strategy involves siting plants near settlements for
district heating use, offsetting hosting drawbacks with heating advantages (Leduc et al., 2010). Or,
VHOHFWLQJ VLWHYVY DZD\ IURP GHQVHO\ SRSXODWHG BriJMyBYckb GG UH V
<DUG"~ HBhFNaV, 2013). Therefore, the criteria and constraints should be defined. Ferrari et al.
(2022a) summarised three main criteria, i.e., social, economic, and environmental. They defined 8
constraints, e.g., water bodies, road networks, harvesting cost, for the multi-criteria decision
models/analysis (MCDM/A)(Hajkowicz and Collins, 2007). From them, Analytic Hierarchy Process
(AHP), despite being used most (58%), has limits in modelling, like consistency and non-interpretability
(Saaty, 1987). To address this, the Fuzzy-Decision-Making Trial and Evaluation Laboratory (F-
DEMATEL) method, used in 5% of reviewed MCDM/A articles due to complex data processing,
effectively structures criteria and scores, especially with the Grey Sharpened process (Bai and Sarkis,
2013). It navigates the subjectivity and uncertainty in decision-making for gathering survey data, and
offers an insight of criteria inter-relationships in biogas plant sites (Jeong and Ramirez-Gémez, 2018).
Technically, the Geographic Information System-Multi-Criteria Decision Analysis (GIS-MCDA) method
for spatial assessment can optimise site selections and supply-demand schemes. GIS-MCDA integrates
spatial data with multi-criteria decision-making processes, allowing for comprehensive evaluation of
various factors in geographic contexts (Brahma et al., 2016). Ferrari et al. (2021b) demonstrated the
significance of land use and efficiency in biogas plant development, with further research emphasizing
its effectiveness in distributing supply hubs for community benefits across localities, where
Spatial/Network Analysts are widely used (Jesus et al., 2021).

Previous studies focused mainly on crop residues like straws, but our work uniquely integrates both
straw and livestock manure, considering crop variability and the latest field research. This holistic
approach improves biogas potential assessments and enhances practical applications in diverse

agricultural settings. By including policy impacts and ensuring data interpretability, our study contributes



to more informed and effective bioenergy policies. Therefore, our study aims to answer the following

guestions:

X :KDW LV WKH GLVWULEXWLRQ RI ELRJDV SRWHQ@WLIDRIKRE 3@ DDQ
UHODWLRQ WR FURS VSDWLR WHPSRUDO VWDELOLW\"

X :KDW RXWFRPHV GRHV ELRJDV SODQW VLWLQJ \LHOG IURP QGLYHUV
WKH GHFLVLRQ PDNLQJ HOHPHQWV"

X :KHUH DUH WKH RSWLPDO ELRJDV SODQW VLWHV D®HWPRRL 2HIEH G
GLIITHULQJ VWDNHKROGHU SHUVSHFWLYHVY DQG VSDWLR WHPSRUDO

Leveraging GIS-MCDA, our research provides innovative insights into optimal biogas plant siting,

offering a scalable solution for renewable energy and carbon neutrality. This approach advances

bioenergy technology, promotes sustainable practices, and minimises environmental impact. Our

findings impact bioenergy policy, potentially setting new standards in environmental, agricultural, and

renewable energy domains, advancing a sustainable, energy-efficient future.

4.3. Materials and methods
4.3.1. Data preparation and collection
4.3.1.1. Study area

The Jianghan Plain in Hubei, a leading agricultural region, is particularly well-suited for bioenergy
research and plant siting due to its supportive policies, advantageous geography, and favourable agro-

climate (Shi et al., 2024). This study investigated 19 counties in Fig.4.2(a).

The crop straws (8x10° kg, 91% of annual production, i.e., from rice, wheat, and maize) and the livestock
manure (2x10% kg, 96%, i.e., from pigs, cows, goats, and poultry) are key biomass sources(CSY, 2022).
Rice is typically categorised as single-season early rice (SE-rice) or late double-season rice (LR-rice)

based on their phenological traits and cultivation methods.
4.3.1.2. Data collection

This research primarily used spatial and survey/statistic datasets encompassing 8 types: crop maps,
crop primary productivity, geographic and socio-economic spatial elements, site suitability
guestionnaires, cost surveys, and livestock production (e.g., number of livestock, feeding cycles, and
production-discharge coefficients)(Ferrari et al., 2021a). Table 4.1 lists these data sources with

description described in Table S4.1. Notably, the cities in Table S4.1, refer to a prefecture-level city in



China, overseeing multiple counties; counties are an administrative divisions under city governance,
including urban and rural areas. The datasets are described in Table S1

The spatial data include ChinaCropPhen, TerraClimate, MOD17A3HGF, and Point of Interests (POI)
databases, along with administrative regions and road network systems. Some data, like crop primary
productivity for calculating biogas potential from straws, are based on previous findings (Shi et al., 2024).
Data analysis was conducted by GIS, involving functions like Spatial Analyst (e.g., reclassification,
resampling, masking, zonal statistics), and optimiser using Network Analyst (e.g., Location-Allocation),
ensuring consistency in temporal-spatial dimensions and resolution. Specifically, all data were
resampled to a 1km resolution (~1km) for spatial analysis.

The survey/statistic datasets were essential for calculating biogas yield and siting biogas plants, as
shown in Table 4.2 (biomass-to-energy conversion coefficients) and Table S4.2. For site suitability, we
distributed questionnaires to global surveyors (Section 4.3.3), using MCDA to analyse 20 valid
responses and generate overlay weights for spatial analysis (Section 4.3.4).

4.3.1.3. Biogas p
otential and analysis

Biogas potential/density calculations refer to Tables 4.2&S4.2. Data from Table 4.1(CSY, 2022) and (Liu

et al., 2023). For calculations, following the off-|LHOG UDWH DQG IDFLOLW\ VXUYH\ 7DEO
DQG M)HHGLQJ GD\VY UHSUHVHQW GDLO\ PDQXUH RXWIDMUN DIQKEF WHH
ELRPDVV HVWLPDWHY p'U\ EloRtrRed\VEIL RPIDVYYV WHRGEHLQJ KDQGOLQJ F
DVVHVVHV $QDHURELF 'LJHVWLRQ HIILFLHQF\ IRU HRWXYUHR XVQFHXUI\ B
unit of dry biomass for biogas calculations. Moreover, the Accumulated NPP values were determined in

previous work using the BP-ANN model (Shi et al., 2023, 2024).
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Fig. 4.2 Topographic map of study area: (a) biogas potential map, (b) bioenergy sources and
contributions. Biogas potential from crop straw and livestock manure. Stacked bars in (a) show storage
potential and proportions; point density indicates distribution. Pie chart in (b) shows 2020 bioenergy
sources from four types of straw and manure, with nearly equal contributions. SE-rice straw and pig
manure are the largest contributors. Data from Table 4.1.



Table 4.1 Breakdown and description of data collection

dgg\al;[gisle Data sources Geospatial type/counts Period Data extraction Unit Detail
Croo mans ChinaCropPhen(Luo et al., 2020) Raster(~1km-resolution) 2001-2019 | Crop planting areas  km? For SE-rice, late LR-rice, maize, wheat
PMapS  chinaCP(Qiu et al., 2022) Raster(~500m) 2015-2020
Net Primary  (Shi et al., 2024) Raster(~500m) 2001-2020 | Accumulated NPP kgC
Production MOD17A3hgf Raster(~500m) 2001-2020 | NPP/GPP kgC
(NPP) (Running and Zhao, 2021)
NASADEMhgt(Zeng et al., 2023) Raster(~30m_DEM) 2000 Slope degree(SL) degree -
LandScan_HD(Lloyd et al., 2019) Raster(~90m) 2022 Population km2 -
density(PD)
GDPGrid_China(Huang et al., Raster(~1km) 2010 GDP per -
2014) capita(GDP)
China Historical Geographic Vector(Polylines/points:13) 2013 Gas pipelines(GP) km Gas pipelines and nodes
Information System(CHGIS)
I_aalesso)latasets (Dong et al., 2017)
OpenStreetMap(OSM) Vector(Polylines:37,660) 2019 Road network km Railway, expressway(max-speed:110
(Zhao et al., 2021) density(RN) km/h), national-way(80), provincial-
way(80), city road(60)
Vector(Polylines:1,243) Water bodies(WB) km River, canal
Vector(Polygon:959) km? Lake, pool
Vector(Polygon:8,349) Residential& Building layout
accommodation(RA)
Amap and Baidu-Map Vector(Points:17,075) 2022 RA - Houses, apartments, hotels, resorts
(Zeng et al., 2023) Vector(Points:1,645) Scenic area(SA) Historic/scenic spots, natural reservation
Points of Interest Vector(Points:57,746) Public services(PS) Cultural services, bureaus, health-cares
M POI Vector(Points:187,154) Commercial& Financial centres, shopping malls
ap (POls) shopping(CS)
Vector (Points:31,241) Corporate& Industry zones, agriculture/forestry
industrial(Cl) areas
Statistic Data acquisition Geographic scope Period Data extraction Unit Details
database
Site suitability AHP questionnaires Global(20 surveyors, 13 2023 MCDA final scores Suitability criteria and levels(1-9)
survey constraints, 9 levels) (Table 4.4)
Field survey County-level 2021 Harvesting costs(HC) CNY Transporting cost, packing cost
(Ferrari et al., 2022b; Liu et al., Transport radius km Cut-off values (radius<30km)
2023), Livestock manure kg Yearly production of pigs, cattle, goats
Yearly books(statistical records) production and poultry, daily production of manure,
Comprehensive (CSY, 2022) and feeding days of livestock
use of Biomass kg Storage capacity, biomass stability
agricultural by- seasonality(BS) scenarios(l-111)
product Straw utilisation - Off-field straw use for fuelling, feedings,
base, fertiliser, and materials (Table
S4.2)
2001-2020 | Facility data Facility upgrades and efficient-use
rates
: : Yearly books City-level Large-scale project m°® Existing project numbers(108), biogas
Blogas project 2019 (AD volume>5000m?) production(1.8x10’m?) (Table 5)




Table 4.2 Coefficients of biomass-to-energy conversion

SE-rice LR-rice Maize Wheat Pig Cow Goat Poultry Reference
. Daily ) i
Aﬁ(;:jm(l,llla(t:e;d BP-ANN ozu(;gz'; (Shietal., products (kg) 53 206 24 01 (Chiumenti et
9 ' Feeding days 199 365 365 210 al. 20_19t: |
. 0 . o o o o. Ferrarietal,
Dry biomass 25% Dry biomass 30% 27% 49% 48% 2021a: Yan et
AD rate 055 058 06 057 [ADrate 0.42 0.3 049 03 al., 2021:
Energy Energy Zhang et al.,
content 15 16 18 17 content 21 20 12 15 2012)
(MJ/kg) (MJ/kg)

Therefore, the biomass content, i.e., accumulated NPP (straws: 8.4x10° kg) and manure production,
averaged at 6.3x10° kgC and 1.9x10*! kg from 2001-2020. In 2020, they were at 6x10° kgC and
1.3x10* kg. This resulted in an average energy content of 6.3x10*?kJ, decreasing to 6x102 kJ in
2020. After conversion (Table 4.2), the available biogas potential was 4.7x10*! kJ. Regional biogas
density indices (BD, kJ/m?2) were mapped and displayed as density dots in Fig. 4.2 (a), and revealed

a plain-level of 11.4 kJ/m2 over two decades.

4.3.2. Spatio-temporary stability analysis

Four crop datasets obtained from ChinaCropPhen (~1km, 2001-2019) and ChinaCP (~500m, 2015-

2021) served as the foundational data for this work (Table 4.1). After ensuring the consistency

between two datasets (R?>0.77, illustrated in Fig. S4.1), they were merged by resampling (~1km),
PDVNLQJ DQG UHFODVVLI\LQJ 7KLV UHFODVVLILFDWLRW®WQEEEFXUDW
3/5° F®JLFH 30DL]H” DQG 3:KHDW’" E\ SKHQRORJ\reséritgdHt@eVfuW KDW F
phenology cycles of these four crops, described in Table S4.1, combining key stages, e.g., green-

up, emergence, transplanting, heading, and maturity dates, were selected. Pixels meeting these
FULWHULD ZHUH DVVLJQHG 3~ IRU F XdlivdtetiieslG DUHDV DQG 3 ~ IR
The spatial distribution captures crop occurrences over the last 20 years, reflecting average crop

presence per county. Lower standard deviation (SD) indicates greater crop stability, essential for

consistent biomass supply for biogas production. This anal\VLVY LQYROYHYV L &RPSLO
6WDWLVWLFVY UHVXOWYVY 7DEOH 6 ZLWK URZV |BUH EGWXRQWQH YRDC
with stable (low SD) and unstable (high SD) crop occurrences, critical for reliable biomass availability;

(iii) Pinpointing counties with high or low crop presence to inform strategic biogas plant sites.

The temporal dynamic refers to the count of pixel points in each county that have consistently
DSSHDUHG DERYH D VSHFLILF WKUHVKROG GXULQGHOAR) HECHF B G HA
frequency of crop pixel appearances, categorising stability into high (Scenario 1), medium (Scenario

I1), and low (Scenario Il) groups. This classification, pivotal for agricultural management, employed

clustering tools, e.g., K-Means, HC, and QB, DT classifier, and the Jenk Natural Break algorithm

(with GIS) to analyse crop consistency robustly (Table S4.4). By setting clusters and thresholds, it



highlights areas of stable/unstable crop growth, aiding in strategic planning by visualising crop
occurrence stability, thus enhancing accessibility to biomass sources in the decision-making process.

According to (Sarker, 2022), steps included:

() Databasecall 7KH DQDO\VLV XVHG pV MWedidcuerm@opimigationwithRitertia
and Elbow graph YLVXDOLVDWLRQ +& HPSOR\HG pVFLS\ FOXVWHU KLH
DQG u$JJORPHUDWLYH&OXVWHULQJY IRU DQDO\VLV 4% GDWDB uS
ELQQLQJ '7 DSSOLHG uVNOHDUQ WUHHY IRU FODVWIQJ WhWLRQ |
UHPD[BOHDIBQRGHVY
(ii) Cluster number determination. Using algorithms K-Means and QB with the Elbow Method, HC
ZLWK :DUGTV GLVWDQFHV DQ G-leaf nadeg/néveaed the@inaDnumber of
clusters.
(iif) Sequential clustering. Results were grouped into optimal clusters sequentially. Stability levels
were then determined, combining manual adjustments (i.e., JNB) with algorithmic analysis for
accurate stability categorisation.
(iv) Comparison and integration. The least stable group identified by each algorithm was discarded,
and the remaining data was categorised into low-high stability groups. These groups were then
averaged across the outcomes of all algorithms to ensure a consistent and comprehensive
analysis of scenarios (I-111).

Furthermore, to ensure the reliability of both the spatial and temporal stability, it is essential to
maintain consistency by examining the correlation coefficient (R?) between the mean values and SD
from both temporal dynamic and spatial distribution analyses. High correlation (R2>0.7)
demonstrated well the consistency and variability of spatio-temporal stability for interpreting both
temporal and spatial properties.

4.3.3. MCDA for biogas plant suitability assessment
4.3.3.1. Available areas

Primarily, the decision-making should define the theoretically available biogas plant location areas.
These areas were obtained by applying a series of territorial constraints and directly removing the
constraint areas (Table 4.3). Our study defined 9 shape- |l RUPDW FRQVWUDLQWY DQG XVHC
to create protective buffer zones (Section 4.4.2.). Compliance with all constraints was mandatory,

as failing even one results in site exclusion.

4.3.3.2. Preference criteria



Before preference investigation, three main criteria were considered from environmental, social, and
economic aspects (Ferrari et al., 2022a), divided into 13 sub-criteria (Table 4.3). The environmental
criteria included considerations like proximity to water bodies (e.g., rivers and canals.), slope gradient,
and the presence of historic or scenic areas. Social criteria covered population density, residential
and accommodation areas, public services (e.g., cultural buildings, health-care facilities), and
commercial/shopping areas (e.g., financial districts, shopping malls, supermarkets). Economic
criteria involved road network density, gas pipelines, corporate and industrial areas, harvesting costs
(i.e., transport and packing expenses), GDP per capita, and biomass seasonality (i.e., stability of
crop planting and storage capacity in hubs).

To obtain a multi-dimensional assessment, participatory approaches have been included either
through information based on the perception of the value of criteria and by providing the
ranks/weights on the relative importance of each element. Hence, the questionnaires rated criteria
from unimportant (1) to extremely important (9), with self-comparisons as 0, to assess preferences
similar to AHP method (Fig. S4.7(a)). The survey included 20 experts, policy-makers, and locals
residents, who were active in rural construction and agricultural energy, seeking professional insights.

This process yielded twenty 16x16 original matrices.

4.3.3.3. Grey-based DEMATEL

The Grey-based DEMATEL method combines grey system theory to handle uncertainty and
LQFRPSOHWH LQIRUPDWLRQ HQKDQFLQJ WKH '(0$7(/ PH&fecRGTV D
relationships among criteria. It constructed Grey interval matrices to evaluate the assessment,
undertaken by steps in Fig. S4.7 (Bai and Sarkis, 2013):

() 8SSHWH2DQG /RZHI'LYHFW ,PSDFW ODWULFHV DKW HRW VW DQ®DRIIGW
ZHUH GHFRPSRVHG LQWR ORZHU DQG XSSHU ERXQGV WR WHIOHF
ORZHU ERXQGV JDYH OLWWOH LPSRUWDQFH WR & [BVGNHPWHWHDE R HE
YDOXHV EDVHG RQ WKHLU FORVHQHVV WRY{®P @RZ SR LQWW KD ARAXK
KDQG WKH XSSHU ERXQGV IRFXVHG RQ WKH KLJKHVW H DOXMKKH O
DZD\ YLD %u @1 WKHUHE\ WKRURXJKO\ UHIOHFWLQJ WKH RSL
VWDQGDUGLYVEG PGB YZFVH REWDLQHG

(i) BKDUSHQLQJ DQG 1RUPDOLNMRQE ODRVBIQKRDWQFH WKH LQWHUUHOL
LQWHJUDWHG WKH JUH\ UNQDMERGDO WR FDOFXODWH

Qv Ye fSkQoF <*kRod <«°kRo a

since Min(u;)= Min(vj)= 0, it was simplified to

€68 _kex? 5> €00
v 4-1
Qb= e soi0 (4-1)



where uj, vj, and s represent the elements of row i and column j (i,j « DRx,; Omin,
and Osharp; We define
. _ €o03Qgkey €08 Qgkéxp
@i Q _kex0? Q gkéed Ra Q_kex? Q gkémp
. G ?®e 800
Wik 5?&%3850
Next, to ensure comparability of the data, the chords of the two maxima were taken for

hus

normalisation of the sharpened matrices to obtain Nmax, Nmin, @and Nsharp (Table S4.7).
(iii) Total Relation Matrix (T) and DCMR analysis. T was derived from N to depict the comprehensive
influence among sub-criteria (Table S4.8), since all values of N converge to a null matrix ( §(Banks

et al., 1997):
#jakgO

6L kg .. LALOP I 6L (:+F 0;7° (4-2)
where | is the identity matrix.

After defining Degree of Influence (D), Degree of Being Influenced (C), Degree of Centrality (M),

and Degree of Causality (R), the DCMR table was denoted as:
<8%/ pdF PHR ARGV ER: PesRFR= (4-3)
Whereas Tmax, Tmin, and Tsnap Were obtained by following Eq. (4-2) and (4-3) to form the DCMR
tables among Lower, Sharpened, and Upper matrices (Table S4.9), further analysis through
topological invariance underscored the significance and influence within the decision-making

network.

Sub-criteria with high M, as the key nodes in the causal network, reflected both highly influencing
MLQIOXHQFHUY DQG KHHQ QQ XJIHeakeHig with Gositive R were denoted as the
driving forces (Jeong and Ramirez-Gémez, 2018).

4.3.3.4. MCDA final scores

We used M to determine the initial scores and R to adjust scores for the causal network. It helped
manifest the priorities, especially for sub-criteria of close M values, considering the influence chains
(Bai and Sarkis, 2013). The process normalised M and R (as My and Ry), adjusted for the influence

direction, and calculated the final scores (Tables 4.4& and 4.10):
9yl / ¢ o 4 u® a:dy (4-4)
where & : ®is the Heaviside step function.

In Eq. (4-4), it prioritised the influence of sub-criteria on others, de-emphasizing the more influenced
ones. Thus, the final weights (i) were calculated by Wi to determine the suitability related to all

criteria judged by all surveyors.



4.3.4. Spatial and network analysis

The dataset has 13 sub-criteria in shape, raster, and table formats, including 9 distance-related
constraints (WB, SL, SA, RA, PS, CS, RN, GP, and Cl, in Section 4.3.3.1), and 4 gradient variables
(PD, GDP, HC, and BS), as Table 3 outlined. Constraints set biogas plant proximity to locations in 9
levels by Euclidean Distance. Gradient variables guide area selection based on value preferences,
classifying both data types and county-level results (BS and HC) into 9 levels by characteristics. All

data are converted to ~30m resolution raster format for precise analysis.
4.3.4.1. Spatial suitability analysis

Sensitivity analysis for biogas site selection focuses on MCDA, excluding BD or spatio-temporal
VWDELOLW\ 8VLQJ PMZHLIJKWHG RYHUOD\VY WZRVHGWRQRW KX HWN DFELL
(environmental, social, economic) and stakeholder views (experts, policy-makers, locals), scoring

suitability from low to high (Levels 1-9) through raster calculations.

Table 4.3 Constraints and criteria considered in biogas plant candidate sites

Site suitability survey Constraints
Criteria Sub-criteria MCDA assessment Buffer (m) Description
Environmental Water bodies (WB) Maximise distance 150 (river/canal), 300
(lake/pool)
L Areas are
Slope (SL) Minimise the slope degree 15° excluded if
they are too
Scenic area (SA) Maximise distance 500 close to
Social Population density (PD) | Minimise the number - >ensmv§ q
residing within 2km ZOones, ha
. ) o ) steep slopes
Residential and Maximise distance 1000 (>15%), or
accommodation (RA) under 2
Public services (PS) 300 (cultural services),  hectares, too
500 (bureaus), small for a
1000 (health-care) facility.
Commercial and 300 (financial, shopping),
shopping centres (CS) 500 (catering)
Economic Road network density Maximise road density and 100 (railway),
(RN) minimise the distance 60 (expressway, national-
way),
40 (provincial-way, city
road)
Gas pipelines (GP) Minimise distance 10
Corporate& industrial (Cl)| Maximise distance to avoid 100
mutual interference
Harvesting costs (HC) Minimise harvesting costs -
GDP Maximise plants with lower -
GDP
Biomass seasonality (BS)| Maximise plants in high- -
capacity areas

Subsequently, we combined BD and spatio-temporal stability with MCDA, weighted at both 25%

across three scenarios, yielding 9 suitability maps for biogas sites. These were then converted to



shape format (points), considering land-use covers and proximity requirements for plant locations.
This approach robustly identified candidates, setting a solid groundwork for subsequent allocation
analysis.

4.3.4.2. Biogas plant siting network analysis

7KH W/RFOMWMOALREDWLRQY WRRO SDUW RI WKH 1HWZRUZDVWSQ@UBG/WR Ul
network analysis to identify the optimal sites for biogas plants from the candidate locations. This
tool is used to determine the most efficient layout of facilities based on the distribution of demand
points (Ferrari et al., 2022b). It helps place facilities to maximise service coverage, minimise

transportation costs, and balance demand. Key inputs include:

() 5RDG QHWZRUWM.QYROYHV WKH JHRPHWULF DQG WHFKQLFDO G
LQFOXGLQJ PD[LPXP VSHHG RQH ZD\ VWUHHWYV )RQ GR X bl \DIQULCAW
WKH URDG QHWZRUN GDWD ZDV FRQILJXUHG DQG LQSNMWQWSRBUWR
URXWHYV IRU HIITHFWLYH ORJLVWLFV SODQQLQJ

(i) ' HPDQG SRLKMWH DUH ORFDWLRQV WKDW UHTXLUH ELRJDV VHUYLI
LQGLFDWLQJ LWV VLIJQLILFDQFH ,Q RXU VWXG\ G HPLRP® \B\R I[GDW
DQG FRQVXPHU ORFDWLRQV ZLWK UHVLGHQWLEQ B®B WRFRRPRG
ELRJDV GHPDQG 7HQJ HW DO

(i) )DFLOLWEBXGH PFDQGLGDWHVY SRWHQWLDO VLWHVVIRWHBLRJI
DQG MFRPSHWLWRUVY DOWHUQDWLYH VLWHV 2XU IRPXR BRGH®
D FRRUGLQDWHG QRQ FRPSHWLQJ V\VWHP RI ELRJDV IDFLOLWLH

Additionally, steps and parameters in our analysis include specifying a cut-off value for the maximum
WUDQVSRUW GLVWDQFH WR PRGHO WUDQVSRU®D®@HHRRWR\BW VR UH\V

placement of facilities in a way that maximises the coverage of demand points.

4.4. Results and discussion
4.4.1. Spatio-temporal stability maps

Crop distribution highlights both spatial and temporal variation. For the spatial distribution, Fig. 4.3(a)
illustrates the planting patterns of four crops every five years. SE-rice and wheat dominated crop
planting, with consistent distribution across counties. Fig. 4.3(b) shows columns of mean crop
recurrence over years with error bars for SD, indicating the frequency of four crops in each county.

More crop occurrences are illustrated in Fig. S4.2 and S4.3 to show the mean values and variability.



SE-rice shows a stable, high mean and low SD, notably in Gongan and Shayang; wheat is stable in

Jiangling, with Zhongxiang close behind.

For the temporal dynamics, using four algorithms, the optimal clusters were determined to be k=4.

7KLV ZDV FRQILUPHG E\ WKH (OERZ PHWKRG :DUGTV-ledinodeBQFH D

(Fig. S4.4). SE-ULFH DQG ZKHDW ZHUH FODVVLILHG DV p+LJKO\ 6MWKOH YT

LR-rice and maize thresholds at 11 and 5 (Fig. 4.4(a)&S4.5). Excluding the least stable, three

stability scenarios (I-,,, DUH GHSLFWHG LQ )LJ E uU6SDWLDOIBRPQ\YWY
vy, WR u T , IRUIRXU FURSVY VWDERIOLWEG VEREZD BQ )LNOVR DIQN G

coverage stability at ~1 km resolution, with colours and shades indicating crop types and stability.

SE-rice crops, stable and numerous, dominate the west, while wheat is central. In scenarios I-lll,

highly stable crops account for 24% of points analysed.

Moreover, Fig. 4.5 shows R?>0.77 for means and 0.86 for SDs, indicating a strong correlation

between spatial and temporal stability, thus validating spatio-temporal plots. This data, combined

with the biogas potential (Fig.4.2(a)), guided site selection via network analysis for straw logistics.
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Fig. 4.3 Spatial distribution: (a) annual crop distribution maps, (b) county-level spatial variability
statistics. The cultivation extent of various crops remains relatively constant, with some yearly
variations in number and area. The statistical significance (mean+SD, n=19) shows spatial stability
across counties.
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Fig. 4.4 Temporary dynamic analysis: (a) yearly changes in planted pixel points, (b) classification.
The classification (Section 4.3.2), using four algorithms for temporal stability, is illustrated in Fig.
S4.4.
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Fig. 4.5 Spatio-temporal consistency tests by: (a) mean values, (b) SD. The R2 value, calculated
using SST and SSE via R2=1-SSE/SST, indicates strong correlation and consistency in spatial
distribution and temporal dynamics.
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Fig. 4.6 Crop stability maps: (a) three scenarios fused with local magnification, (b) high stability
scenario.



4.4.2. Available areas for siting biogas plants

B Available areas

30°18'04.7"N
112°16'33.1"E

Fig. 4.7 Available and restricted areas for siting biogas plants: (a) available areas in the plain, (b)
local magnification of available areas, (c) local restricted/buffer zones (see Fig. S4.8-S4.11 for more
details).

Nine constraints, categorised into point, linear, and planar type, are based on GIS layers (Fig. S4.11).
Point data includes six types across 294,867 locations: SA (1,645), RA (houses, 17,075), PS
(57,746), CS (187,154), GP (nodes, 6), and CI (31,241). Linear data consists of two types over



38,917 locations: WB (river/canal, 1,243), RN (37,660), GP (pipelines, 7), with RN including 19
railways, 2,471 expressways, 1,525 national ways, 4,539 provincial ways, and 29,106 sub-/urban
roads. Planar data features two types across 9,308 locations: WB (lake/pool, 959), RA (building
layout, 8,349), plus county-level HC and BS data derived from table-based data. Then, all constraints
were overlaid with buffer zones. After applying buffer zones and additional restrictions on GDP, SL,
and PD as specified in Table 4.3, a raster calculation excluding these zones identified available

areas for biogas plants, illustrated in Fig. 4.7.

4.4.3. MCDA determination of suitable sites for biogas plants
4.4.3.1. Insights on preferences and impacts

Tmin, Tsharp, @nNd Tmax Matrices, representing the DCMR decision from Grey-based DEMATEL, were
GHSLFWHG LQ WKH KHDWPDSV H[SHUWVYT LQ )LJ VVDLOPWYXWUW W
Tables S4.5-S4.8, resulted from Eqg. (4-1) and (4-2). The lower-sharpened-upper links are depicted
as the trajectories in Fig. 4.8 (b) and (c). These heatmaps clarify the general emphases on sub-
criteria, implying their diverse perspectives in decision-making. Specifically, experts preferred
environmental criteria, evident from the pronounced colour intensity, with SL and SA demonstrating
a strong interrelationship indicated by their proximity in the hierarchical clustering (Euclidean
distance). Policy-makers preferred social criteria (PS, CS, and RA), with PS and CS being closely
related. Local residents also emphasised environmental criteria

To clarify the factors influencing decisions, Eq. (4-3) breaks down T into DCMR decision (Table S9)
insight into the causal networks depicted in Fig.4.8 (d) and Fig S4.12 (g) and (h):

() Driving force. 3 & HQW-BDQR@VWOLW\" SORWYV UHYHDO YDU\LQJ L&IRRUWDQF
with R>0) among stakeholders. Experts focus on WB, PD, and RA (Fig. 4.8 (b)); policy-makers
on WB, HC, PD, GDP, and RA (Fig. S4.12 (c)); residents on environmental criteria plus RA, HC,
and PD (Fig. S4.12 (d)). Experts view these forces as less critical, noting mostsub-FULWHULD DV 3!
UHVXOWLQJ RQHV" +RZHYHU LQVWDELOLW)\ LQ WXH VB WHRWNHH\F W
pairs (e.g., PDxXRA, CSxHC for experts; HCxPD, GDPxRA for policy-makers; RAXHC, PSxBS for
UHVLGHQWYV KLQWLQJ DW SRWHQWLDO IRU FKDQH SHWWKY G LY LH
seem more stable with fewer intersecting pairs. Despite varying emphases, M values show slight
difference across groups, underscoring the complex interplay of social and economic factors.

(i) , QIOXHQFHU YV :RQIONOJIAHRNPBXGDRFHG” VFDWWHUSORWYV )LJ
(f)), analysis reveals the top influencers according to experts (WB, PD, RA, PS), policy-makers
(PD, HC, RA, WB), and residents (WB, HC, RA, PD), with WB, PD, RA, and HC emerging as key
influencers. Considering environmental, social, and economic impacts, these should be tightly
regulated. Conversely, for influencees, experts highlight Cl, GP, GDP, and CS, policy-makers
choose CS, ClI, PS, GP, and residents opt for ClI, CS, GDP, BS, making ClI, CS, GP, and GDP the



key influencees requiring protection, especially in economic and social contexts during biogas
plant construction. Additionally, it also suggests a rotation in influencers among environmental,
social, and economic criteria, with environmental influencees consistently ranked last. This
indicates a lesser direct impact of environmental factors on biogas plant development than their

indirect effects on social and economic benefits, which are more susceptible.

(iv) &DXVDO QHW@RWNGHSWK DQDO\VLV LQ )LJ G DLGLYBHUVH
KLHUDUFK\ RI IDFWRUV LQIOXHQFLQJ ELRJDV SURMHFW VLWH VH
HQYLURQPHQWDO IDFWRU 3' DQG 5% DUH DOVR HPSKDVROHG K
LQIOXHQFH RQ DQG LPSDFW RI ELRIJDV LQLWLDWLYHV LMKHXGWW B!
H[SORUHG E\ H[SDQGLQJ RQ WKHVH LQVLJKWY /LDQJ )HLKRQJ H

Overall, integrating the judgement of M and R factors is essential for effectively assessing biogas

plant site selection, highlighting the critical interplay between environmental, social, and economic

factors.

@
(b) (c)



(d)

Fig. 4.8 The MCDA decision by experts: (a) Total Relation Matrices (Tshap) heatmap, (b) trajectory
plots for centrality-causality (M-R), (c¢) influencing-influenced (D-C) linkage and scatterplot, and (d)
causal network diagram. The heatmap uses Pearson correlation and complete-linkage clustering
with Euclidean distance, including a hierarchical dendrogram. M-R and D-C graphs show DEMATEL
results via Eg. (4-1) to (4-3), highlighting driving forces and relationships, dynamically shown in the
network diagram (shape size represents |R| value). Fig. S4.12 shows decisions by policy-makers
and locals.

Table 4.4 The MCDA scores for biogas plants

Criteria The final MCDA scores (W)
Experts Policy-makers Residents
Environmental WB 0.1880 0.1981 0.1978
SL 0.0532 0.0335 0.0605
SA 0.0529 0.0360 0.0979
Social PD 0.1236 0.1043 0.0651
RA 0.1186 0.0735 0.0847
PS 0.0599 0.0648 0.0561
CSs 0.0575 0.0658 0.0562
Economic RN 0.0566 0.0601 0.0592
HC 0.0571 0.1053 0.0853
GDP 0.0575 0.0787 0.0594
BS 0.0574 0.0592 0.0593
GP 0.0584 0.0601 0.0592
Cl 0.0592 0.0605 0.0593
Column Sparklines
(WB-CI)




4.4.3.2. MCDA final scores

Calculated by Eq. (4-4), the final scores (W) of MCDA are presented in Tables 4.4 and Table S4.10.
Results of weighted overlay analysis with MCDA final scores are depicted in Fig. S4.13. Among the
environmental criteria, protection of water bodies and systems (WB, 56-74%) is the most important,
followed by protection of scenic and historic areas (SA, 14-27%). Among the social criteria, the most
considered criteria are the distances from the high population potential (PD, 25-34%) and the urban
or residential accommodation areas (RA, 24-33%). Finally, among the economic criteria, the
harvesting cost of straws (HC, 17-25%) is most considered, followed by the stimulus potential for
GDP growth (GDP, 16-19%), and the ability of firms to co-operate or hedge against competitive risks
(Cl, 14-17%), transport costs and accessibility (RN, BS, GP, 14-16%).

4.4.4. Spatial suitability for siting biogas plants

Applying the final scores combined with the crop stability maps (Fig. 4.6&S4.14), suitability maps
based on three criteria and from three types of VWDNHKROGHUY DUH SURGXFHG %RJ[H
LQ )LJ DQG p([ST M3ROT puS5HVY LQ )LJ 6 L\Q GALUFRYALKE MCKIH DK V. YWKU
balance of conditions conducive to biogas development.
JRU HQYLURQPHQWDO SURWHFWLRQ WK-HIWRS ZHMWW BV B ¥ RMKHEFQU V|
QRUWKHUQ -LQJVKDQ QD DRMEsW(DBAayang, are identified. These sites have 299
pixels at the highest environmental suitability (Level 9 in Fig. 4.9 (d)), with a substantial presence at
Levels 7 and 8. They are also prominent in social and economic evaluations. Socially, high suitability
areas are evenly spread, enhancing community living but excluding central Tianmen, western
Zhijiang and Jingzhou, and eastern Caidian, with 13,557 pixels at Level 9. Economically, the 604
pixels at Level 9 for top suitability are focused in northern, central, eastern, and southeastern areas
across nine counties, e.g., Yicheng and Zhongxiang, favouring plains near logistic routes and
avoiding northeastern slopes (Fig. 4.2 (a)). This reflects a strategy to minimise costs and boost
economies in populous yet less affluent regions, with social criteria showing broader high suitability
coverage than economic, which prioritises strategic locations (Dreher et al., 2024). Stakeholders
agree on the most suitable biogas project areas, despite their different decision-making styles and
criteria scores, with none identifying Level 9 suitability. Policy-makers favour northern (Yicheng,
Zhongxiang, Jingshan, Tianmen), western (Shayang), and southeastern (Jianli) locations (Fig. S4.15

E 7KLY FRPSDULVRQ VKRZV H[SHUWVT-RELSHUYVEWHV U B ARHIQ EWIIR
UHVLGHQWVY VHOHFWLYLW\ XQGHUVFRULQJ WKH LPSRUWDNQFH RI |
selection that balances expertise, policy goals, and local preferences.
In general, the analysis reveals a complex suitability network across plain with central prime sites
DQG SRWHQWLDO MUHOWFQLRNRRQ( QM H IODQNV



Fig. 4.9 Suitability maps assessed by (a) environmental (Env.), (b) social (Soc.), (c) economic (Eco.),
and (d) pixel counts with 9 suitability levels based on three criteria.

4.4.5. Network decision-making under spatio-temporal scenarios
4.4.5.1. Biogas plant candidates

Considering the land-use area (16,380 m2 for ABPs) and a minimum 0.5 km distance to avoid
interference, a 2-ha threshold filters out unsuitable areas (Ferrari et al., 2021b). Overlaying the
biogas potential with spatio-temporal stability, this process transforms raster data (Levels 7-9) into
points, generating candidate points for three stability scenarios and various decision-maker
perspectives. Fig. S4.16 reveals experts in Scenario | targeting a few key areas for biogas
candidates, with Scenario Il showing their increased openness to moderate stability regions, and
Scenario Il further widening the net (49% increases at plain-level, compared to Scenario 1),
especially in Yicheng (62% increase compared to Scenario 1) and Zhongxiang (146% increase).
Policy-makers start conservatively in Scenario |, focusing on Jingshan (149 candidates), Yicheng
(320 candidates), and Jiangling (11 candidates), but by Scenario I, they significantly broaden their

scope (24% increases at plain-level), particularly in Jingshan (82% increase) and Zhongxiang (from



2 candidates to 16), suggesting a balance between crop stability and socio-economic factors. Local
residents concentrate their choices in Shayang (1,235 candidates) and Yicheng (821) in Scenario I.
Still, by Scenario lll, they show the greatest flexibility, with considerable increases in candidates
across various regions (38% increases at plain-level), reflecting their adaptability to the evolving
stability criteria.

Overall, Fig. S4.16 (d) shows Shayang is a preferred biogas site, with Yicheng gaining interest in
less intense scenarios from experts and residents, while policy-makers favour Jingshan, reflecting
varied evaluation criteria. Caidian, Gongan, Honghu, and Shishou are excluded due to unsuitability.
The candidate site expansion from Scenario I-11l indicates a shift towards more inclusive selection

criteria.

4.4.5.2. Selected sites for biogas plant development

This study focused on large-scale biogas plants, with RA locations (17,075) serving as demand
points, equally weighted to candidate points in Network Analyst. Fig. 4.10 shows 45 facilities selected
in Scenario |, increasing to 61 in Scenario Il, and 66 in Scenario I, with experts having the most
influence on site selection (decision-making share 64-65%, in Table S4.12). Local residents have a
significant impact (33-52%), while policy-makers contribute the least (20-27%). The analysis
indicates that expert and resident choices align with higher demand and more efficient solutions due
to the weighted analysis of demand points.

From Scenarios I-1ll, Fig. S17 shows site selection clustering around specific coordinates but with
overall dispersion, indicating spread-out facilities. In Fig. 4.10 (a)-(c), expert and resident decisions
align with energy supply needs to the west and south, while policy-makers focus on the east and
north, highlighting geographical differences in decision-making.

Furthermore, by examining the centroid differences between various decisions and stability in Fig.
4.10 (e)-(h), we found preferences of these stakeholders vary across different scenarios. The
demand centroid is (30.445, 113.002). For Scenario I, the inter-centroid distances ranging from 9.6
km (expert-resident) to 33.4 km (policy-resident), and their distances to the demand centroid from
51.7 km (expert) to 68.8 km (policy-maker). For Scenario Il, distances ranges from 3.1 km (expert-
resident) to 27.4 km (policy-resident), to the demand centroid from 60.1 km (resident) to 68.4 (policy-
maker). For Scenario lll, distances ranges from 6 km (expert-resident) to 33.8 km (policy-resident),

to the demand centroid from 63.4 km (resident) to 68.8 km (policy-maker).



Fig. 4.10 Biogas plant sites and distribution across scenarios: (a) Scenario | plants, (b) Scenario Il

plants, (c) Scenario Il plants, (d) zonal plant statistics, (e) Scenario | coordinates with marginal plots,

(f) Scenario 1l coordinates, (g) Scenario Il coordinates, (h) demand point distribution. 7KH u/RFDWLRQ
$OORFDWLRQY WRRO LQ 1HWZRUN $QDO\WW PRGWOM QGD QAH 6 LALWVKL B X@WL



function and a 30km cut-off. The centroid ellipse is at 95% confidence, and the marginal curves use Kernel
Smooth parameters (Table S4.11).

Table 4.5 Comparing regional facility choices with survey data and evaluating decision-making
performance

Region Facility Survey data
Existing large-scale Annual
City I Il [l biogas projects production
County (N) (G, 10* m3)
Jingzhou 1 1 2
Shashi 0 0 0
Jiangling 1 1 1
. Songzi 2 4 5
Jingzhou Gongan 0 0 0 34 220.7
Shishou 0 0 0
Jianli 1 1 1
Honghu 0 0 0
Xiantao Xiantao 2 2 2 5 91.2
Qianjiang Qianjiang 1 2 2 6 120
Tianmen Tianmen 0 0 0 9 250.5
Wuhan Caidian 0 0 0 0 0
_ Yingcheng 0 0 0
Xiaogan Hanchuan 4 5 5 11 104.7
Shhayang 12 13 12
Jingmen Zhangxian 7 12 13 33 874.4
Jingshan 8 11 12
X'gngya” Yicheng 6 9 11 9 148.4
Yichang Zhijiang 0 0 0 1 2.8
Correlation RZc 0.90 0.89 0.88 R%n.g = 0.57

* R?_g: Facilities from scenarios I-Ill (annual gas production);
R2n.c: Existing large-scale biogas plants (annual gas production);
G: Amount required by users/markets.

Accordingly, inter-centroid distances reveal varying stakeholder agreement across stability
scenarios, with Scenario Il showing the closest alignment between experts and local residents,
suggesting moderate stability fosters consensus. Higher stability enhances energy demand
coverage through efficient straw acquisition. Policy-makers, furthest from demand, could improve
rural energy planning by incorporating expert and local insights, resulting in more comprehensive

policies and evaluations for biogas site selection.

Practically, our analysis compared site selection with bioenergy yearly report data, focusing on large-
scale biogas projects (CSY, 2022). It found local biogas production partly mirrors energy market
demand. However, the correlation coefficient (R%v.c =0.57), as listed in Table 4.5, indicated the

imbalances between existing projects and demand, with some areas having excess projects and



others facing shortages, affecting economic efficiency. Our study showed higher correlations (R2.
¢=0.9 for Scenario 1, 0.89 for Il, and 0.88 for Ill), suggesting our selections more closely match

demand and promote supply-demand balance (Valenti et al., 2018).

For policymakers, our findings provide insights into rural energy planning. High stability improves
accuracy and energy coverage, whereas moderate stability fosters consistent stakeholder decisions,
enhancing policy outcomes. Key counties, e.g., Zhongxiang, Shangyang, Jingshan, and Yicheng,
are vital for supplying biogas to energy-demanded cities and overall plain, e.g., Jingmen, Tianmen,
Jingzhou, Xiangyang, Qianjiang, and Xiaogan, supported by transport networks. For convenience,

the coordinates of the selected biogas plant sites are provided in Table S4.13.

4.5. Conclusion

This work on Jianghan Plain, using GIS-MCDA to evaluate biogas plant locations based on the
bioenergy potential of agricultural and livestock by-products and stability over time, yielded
significant findings. Jianghan Plain has significant bioenergy capacity (Section 4.3.1.3), with an
estimated bioenergy content of 6.3x1012 kJ over 20 years and a biogas potential of 4.7x10% kJ for
2020. Spatio-temporal analysis (Sections 4.4.1) showed consistent biomass availability (Sections
4.4.2) from crops like rice in Gongan and Shayang, and wheat in Jiangling, essential for biogas
production. By incorporating environmental, social, and economic criteria, our MCDA method
pinpointed optimal locations for biogas plants; stakeholder preferences for criteria vary, e.g., water
bodies, slope, population density, GDP, industry, etc., influencing the decision-making process
(Sections 4.4.3). Network and scenario analyses identified 45 to 66 suitable facilities, mainly in 4 key
counties, showing that moderate stability in biomass supply aligns with decision-maker consensus,
ZKLOH KLJKHU VWDELOLW\ DUHDV DUH FUXFLDO IRUtWRBRMW LQW TH/Q YL
to integrate expert and local feedback in policy-making.

The methodology and findings highlight the critical role of choosing sites with reliable biomass for
biogas projects, as confirmed by our stability analysis. Our GIS-MCDA framework is versatile,
catering to diverse site selection needs, making it suitable for broader bioenergy applications.
Incorporating stakeholder perspectives ensures our projects align with local needs and support,
while flexible scenario planning helps navigate agricultural and environmental uncertainties. Aligning
with global sustainability and carbon neutrality goals, our framework offers a practical model for
bioenergy resource exploitation, which sets a precedent for policy and planning in environmental,
agricultural, and renewable sectors. It signifies a step forward in achieving environmental
sustainability and energy-efficient future.

However, our study is limited to historical data, highlighting a need for predictive modelling to
anticipate future agricultural and environmental changes. Addressing this gap would refine the GIS-
0&'$YV DSSOLFDELOLW\ DFURVV GLIIHKUtdDny thé Hitd@evarik Rayond X UW K H



Jianghan Plain in diverse geographical and agricultural settings will validate its adaptability and
scalability. Adapting our methodology for various bioenergy resources, e.g., woody biomass or

municipal waste, by adjusting MCDA criteria and inputs, can broaden its application and utility.
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4.7. Supplementary materials

Table S4.1 The description of data collection and sources

Spatial database

Category Data sources Description
A high-resolution crop phenological dataset for staple crops
in China based on leaf area index (LAI) products. The full
ChinaCropPhen phenology cycles of crops are evaluated using as Julia Date
Crop maps and DateTime values are represented according to the ISO
8601 standard. _ _
ChinaCP A high-resolution MODIS-based dataset of multiple cropping

systems in China.

Net Primary Production
(NPP)

(Shi et al., 2024)

MOD17A3hgf

Study result of an index for 20-year crop bioenergy, via BP-
ANN (R2>0.83), covered climate insights on farming,
agriculture, and carbon emissions.

Annual Gross/Net Primary Productivity (GPP/NPP), derived
from the sum of all 8-day Net Photosynthesis (PSN) products.

GIS datasets

NASADEMhgt

LandScan_HD
GDPGrid_China

China Historical
Geographic Information
System (CHGIS)

OpensStreetMap (OSM)

A reprocessing of STRM data, with improved accuracy by
incorporating auxiliary data from ASTER GDEM, ICESat
GLAS, and PRISM datasets.

Global population distribution datasets based on novel
image processing algorithms.

GDP spatial distribution dataset for China based on land use
and economic activity.

Database of place names and administrative units from
Chinese Dynasties for spatial analysis and visualisation of
historical Chinese maps.

A collaborative, open-source geographic database from
ground surveys, satellite imagery, and other geodata sources.

Points of Interest Map
(POIs)

Amap and Baidu-Map

The specific locations, which include businesses,
landmarks, and facilities, can be searched, navigated to, and
explored by users, and are typically presented in a geospatial
data format.

Survey and statistical database

Category

Data acquisition

Description

Site suitability survey

AHP guestionnaires

Investigation among experts, policy-makers, and locals for
site suitability of biogas plants. The suitability will be
assessed by constraints (Table 3), and analysed by MCDA.
The final scores are converted into weighted overlays
(Spatial Analyst) as criteria to rate suitable options.

Comprehensive use of
agricultural by-product

Field survey

Surveys in 14 counties assessed costs, transport, and
usage of crop straws and livestock manure. Included were

Yearly books (statistical statistics on annual livestock numbers and policies on facility

records)

upgrades and efficiency rates.

Biogas project

Yearly books

6XUYH\ IURP WKH SURYLQFHYTV UXU
on biogas projects, including data on large-scale initiatives,
gas production, and households served.




Table S4.2 Coefficients of regional straw utilisation, and annual livestock manure production

C_:rop straw vear Livestoc;k manure Ref
Region *in all years *plam-lev_el_ _

(City) Off-field rate Fuelling Facility upgrade Eff'cf:; dmlx-
Jingzhou 0.15 2001-2003 0.40 (Liu et al.,
Xiantao 0.32 2004-2006 0.40 2023)
Qianjiang 0.15 2007-2009 0.43
Tianmen 0.15 2010-2012 0.46
Wuhan 0.32 0.2 2013-2015 0.49 0.93
Xiaogan 0.32 2016-2018 0.52
Jingmen 0.31 2019 0.70
Xiangyang  0.42 2020 0.75
Yichang 0.42 2025 0.80 (Policy)

H2ILHOG UDWHTY UQBQEDXWHHVROQ FFW RS VWUDZV LQFOXGLQJ pIXHOOLQJIT
equipped manure treatment facilities, while puHITLFLHOQMWM EL[UDWH VKRZV FRPSUHKHQVLYH PI

Fig. S4.1 The scatter plot with R? between the ChinaCropPhen and ChinaCP datasets. The points
represent the crop planting pixels (~1km/~500m) collected in counties each year. Data Preprocessing: The
ChinaCP dataset was resampled to match the ~1km resolution of the ChinaCropPhen dataset to ensure
comparability. Regression Analysis: We performed a linear regression analysis between the two datasets. The

R-squared value was calculated using the formula:
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Fig. S4.2 The mean values of crop occurrences: the occurrence means how many years the crops
have been appeared in the counties. (a)SE-rice, (b) LR-rice, (c) maize, and (d) wheat.



Fig. S4.3 The spatial variability of crop distribution: (a)SE-rice, (b) LR-rice, (c) maize, and (d) wheat.



Table S4.3 Zonal statistics table of temporal dynamic and stability

Single-season and early rice (SE-rice)

Region stable . . I - .
count count  area stable area  percentage min max range mean SD sum  variety  majority minority  median
Caidian 397 20 397000000 20000000 5% 1 3 2 1.370277 0.577865 544 3 1 3 1
Gongan 991 395 991000000 395000000 40% 1 3 2 2.277497 0.665336 2257 3 2 1 2
Hanchuan 766 143 766000000 143000000 19% 1 3 2 1.81201 0.725271 1388 3 2 3 2
Honghu 886 241 886000000 241000000 27% 1 3 2 1.89842 0.797044 1682 3 1 3 2
Jianli 1586 534 1586000000 534000000 34% 1 3 2 2.131148 0.7246 3380 3 2 1 2
Jiangling 556 104 556000000 104000000 19% 1 3 2 1.875899 0.694838 1043 3 2 3 2
Jingshan 1010 498 1010000000 498000000 49% 1 3 2 2.30297 0.769011 2326 3 3 1 2
Jingzhou 571 364 571000000 364000000 64% 1 3 2 2.562172 0.629879 1463 3 3 1 3
Qianjiang 816 238 816000000 238000000 29% 1 3 2 2.091912 0.694963 1707 3 2 1 2
Shashi 211 94 211000000 94000000 45% 1 3 2 2.293839 0.714713 484 3 3 1 2
Shayang 1409 934 1409000000 934000000 66% 1 3 2 2.623847 0.559224 3697 3 3 1 3
Shishou 526 234 526000000 234000000 44% 1 3 2 2.294677 0.712897 1207 3 3 1 2
Songzi 709 233 709000000 233000000 33% 1 3 2 2.06347 0.767962 1463 3 2 1 2
Tianmen 859 204 859000000 204000000 24% 1 3 2 1.988359 0.697479 1708 3 2 3 2
Xiantao 1010 448 1010000000 448000000 44% 1 3 2 2.260396 0.747614 2283 3 3 1 2
Yicheng 736 209 736000000 209000000 28% 1 3 2 1.877717 0.821745 1382 3 1 3 2
Yingcheng 562 289 562000000 289000000 51% 1 3 2 2.421708 0.654923 1361 3 3 1 3
Zhijiang 525 112 525000000 112000000 21% 1 3 2 1.984762 0.664585 1042 3 2 3 2
Zhongxiang 1387 752 1387000000 752000000 54% 1 3 2 2.365537 0.764984 3281 3 3 1 3
Double-season and late rice (LR-rice)

Caidian 113 0 117792683 0 0% 1 2 1 1.097345 0.296427 124 2 1 2 1
Gongan 92 0 95902007.7 0 0% 1 2 1 1.315217 0.464602 121 2 1 2 1
Hanchuan 38 0 39611698.8 0 0% 1 2 1 1.078947 0.269657 41 2 1 2 1
Honghu 40 3 41696525.1 3127239.38 7% 1 3 2 1.2 0.556776 48 3 1 2 1
Jianli 66 3 68799266.4 3127239.38 5% 1 3 2 1.136364 0.456813 75 3 1 2 1
Jiangling 19 0 19805849.4 0 0% 1 1 0 1 0 19 1 1 1 1
Jingshan 76 0 79223397.7 0 0% 1 2 1 1.039474 0.194719 79 2 1 2 1
Jingzhou 24 0 25017915.1 0 0% 1 2 1 1.208333 0.406116 29 2 1 2 1
Qianjiang 15 0 15636196.9 0 0% 1 2 1 1.066667 0.249444 16 2 1 2 1



Shashi 11 0 11466544.4 0 0% 1 2 1 1.363636 0.481046 15 2 1 2 1
Shayang 29 0 30229980.7 0 0% 1 1 0 1 0 29 1 1 1 1
Shishou 55 7 57332722  7296891.89 13% 1 3 2 14 0.703239 77 3 1 3 1

Songzi 121 2 126131988 2084826.25 2% 1 3 2 1.173554 0.420108 142 3 1 3 1
Tianmen 32 0 33357220.1 0 0% 1 1 0 1 0 32 1 1 1 1
Xiantao 50 0 52120656.4 0 0% 1 2 1 1.04 0.195959 52 2 1 2 1
Yicheng 12 0 12508957.5 0 0% 1 1 0 1 0 12 1 1 1 1

Yingcheng 15 0 15636196.9 0 0% 1 2 1 1.066667 0.249444 16 2 1 2 1

Zhijiang 73 0 76096158.3 0 0% 1 2 1 1.013699 0.116237 74 2 1 2 1

Zhongxiang 61 0 63587200.8 0 0% 1 2 1 1.016393 0.126983 62 2 1 2 1
Maize

Caidian 92 2 92000000 2000000 2% 1 3 2 1.195652 0.448164 110 3 1 3 1

Gongan 31 0 31000000 0 0% 1 2 1 1.258065 0.43757 39 2 1 2 1

Hanchuan 81 1 81000000 1000000 1% 1 3 2 1.123457 0.364564 91 3 1 3 1
Honghu 28 0 28000000 0 0% 1 2 1 1.178571 0.382993 33 2 1 2 1
Jianli 109 2 109000000 2000000 2% 1 3 2 1.082569 0.335333 118 3 1 3 1
Jiangling 4 0 4000000 0 0% 1 1 0 1 0 4 1 1 1 1
Jingshan 197 56 197000000 56000000 28% 1 3 2 1.736041 0.873392 342 3 1 2 1
Jingzhou 27 0 27000000 0 0% 1 2 1 1.074074 0.261891 29 2 1 2 1
Qianjiang 35 0 35000000 0 0% 1 1 0 1 0 35 1 1 1 1

Shashi 6 0 6000000 0 0% 1 1 0 1 0 6 1 1 1 1
Shayang 86 0 86000000 0 0% 1 1 0 1 0 86 1 1 1 1
Shishou 22 2 22000000 2000000 9% 1 3 2 1.363636 0.642824 30 3 1 3 1

Songzi 119 21 119000000 21000000 18% 1 3 2 1.487395 0.776391 177 3 1 2 1
Tianmen 142 4 142000000 4000000 3% 1 3 2 1.232394 0.484485 175 3 1 3 1
Xiantao 38 0 38000000 0 0% 1 2 1 1.052632 0.223297 40 2 1 2 1
Yicheng 260 39 260000000 39000000 15% 1 3 2 1.730769 0.704802 450 3 2 3 2

Yingcheng 75 0 75000000 0 0% 1 1 0 1 0 75 1 1 1 1

Zhijiang 71 0 71000000 0 0% 1 2 1 1.028169 0.165455 73 2 1 2 1

Zhongxiang 267 19 267000000 19000000 7% 1 3 2 1.299625 0.593441 347 3 1 3 1
Wheat

Caidian 96 96000000 0% 1 2 1 1.010417 0.101529 97 2 1 2 1
Gongan 710 406 710000000 406000000 57% 1 3 2 2.388732 0.777056 1696 3 3 1 3
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Table S4.4 Comparison and description of clusters and classifiers

Algorithms Description Advantages Disadvantages Conclusion
$VVXPHV VSKF
. (IILFLHQW DQC FOXVWHUV RI VI
kCIruoSJersdeaa}stgdlrEﬁ 6XLWDEOH IR 6HQVLWLYH WX(”IBZLDHQQVF}_V o
K-Means groups bas GDWDVHW\ FRQGLWLRQV D' [
minimising intra- DQG VFDODERG
cluster variance (DVI WR LPSQO 5HTXLUHV VSHF GDWDVHWYV
: DQG LQWHU QXPEHU RI FO | YUDUFKLFD
EHIRUHKDQCGC DQG -HQONV 1
. W HIWHQGV WKH DSSOLFDELOLW\ RI WKH . %UHDNV PD'
* Weighted
K-Moans ~-QFRUSRUDWLRQ RI ZHLJKWV WKHUHE\ SUR FRPSXWDWL
FOXVWHULQJ LQWHQVLY
: X)OH[LELOLW\
Creat VSHFLNLQJ WK LXPERU +LHU
reates a &OXVWHUL
Hierarchical ~ data showing the SURYLGHY GDWDVHWYV WKH QXPEHU F
. order and GHQGURJUDP XOOLNH OHL
Clustering . 7KH FKRLFH RI Q :
distances of IRU D GHWDLO "HELVLR 7UH
(HC) FULWHULD DQC Q
merges between RI FOXVWHU IF PHWULF FDQ VL UHTXLUH SU}
individual points or &DQ UHVXOW | N
| RI YDU\LQJ VKI LPSDFW UHV? FOXVWHU Q2
clusters. Q x&OXVWHU 6KI
VLIHV 6L]HV +LHUD
&UHDWHYV EL: %LQV KDYH H &OXVWHULQJ
Divides data into HTXDO IUHTXIHUHTXHQFLHV Ex 1DWXUDO %U
Quantile- intervals so that HQVXULQJ ED ZLGWKV LGHQWLI\ YDU
Based each bin has JURXSYV 'RHV QRW FRQ\ VKDSHV DQG V
Binning roughly the same 6LPSOH DQG | GLVWULEXWLRCGC . OHDQV DVV.
(QB) number of data LPSOHPHQV FOXVWHUYV VSKHULFDO F
points. *RRG IRU Rl 1RW VXLWDEOH VLPLODU VLIH
FDWHJRULV QDWXUDO JUR WKH ZHLJKWH
KDV LPSURYH
BURYLGHD @O UHVSHEW
. LQWHUSUHWDE x OWHUSUHW
Supervised FDWHJRULVL 3URQH WR RYHL -H’FQLVLRQ ZUL
. o &DQ KDQGOH SUXQHG KLJK LOWHUS L
T[?:g?[())% Cobstructs a tree QXPHULFDO 6HQVLWLYH WR s bS]
decisions based FDWHJRULFD %LDVHG WRZDU! pHWKRGVY PD\
on features $XWRPDWLF ZLWK PRUH Ol pGGLWLRQDO
’ SHUIRUPYV IHI FOXVWHU ER
__ VHOHFWLR x+DQGOLQJ R
ODF'm'Z:?St?e )LQGV QDWW 7\SHV 'HFLVL
o aesac by . JURXSLQJV LQ &RPSXWDWLRQ FDQ KDQGOH
Jenks inimisin y OLQLPLVHV YI LQWHQVLYH WK QXPHULFDO
Natural Variancewit%m ZLWKLQ JURX PHWKRGV OLNH FDWHJIRULFDO
Breaks roubs and PD[LPLVHV YD 0D\ QRW EH VXI RWKHU PHWK
(JNB) groups a EHWZHHQ JUI ODUJH GDwWDVF JHQHUDOO\ D
maximising QXPHULFDO

variance between
them.

6XLWDEOH IRU
YDU\LQJ JURX

FRPSXWDWLRQ




* Code example of Weighted K-Means algorithm (cluster number is defined as 4):

«

ZHLIKWHGBGDWD GDWD ORF>GDWD LQGH]
yBZHLIKWHG ZHLIJKWHGBGDWD>> 9DOXH @@
GDWD>> 9DOXH &RXQW @@ YDOXHV

JHSHDW GDWD>
) YDOXHYV

,QLWLDOLYM RUBILWWHMRXP RlI VTXDUHG GLVWDQFHV LQHUYV
YDOXHV RI N
LQHUWLDBYDOXHV >@

'"HILQH D UDQJH IRU WKH QXPEHU RI FOXVWHUYV
NBUDQJH UDQJH

3HUIRUP FOXVWHULQJ IRU GLIIHUHQW YDOXHV RI N DQG FD

IRUN LQ NBUDQJH
NP .OHDQV QBFOXVWHUV N UDQGRPBVW
NP ILW ;BZHLJKWHG
LQHUWLDBYDOXHV DSSHQG NP LQHUWLDB
30RW WKH (OERZ JUDSK
SOW ILJXUH ILJVL]H
SOW SORW NBUDQJH LQHUWLDBYDOXHV PD
SOW [ODEHO 1XPEHU RI &0OXVWHUV N
SOW \ODEHO 6XP RI 6TXDUHG 'LVWDQFHV
SOW WLWOH (OERZ OHWKRG IRU 2SWLPDO 1
SOW VKRZ
'"HILQH WKH QXPEHU RI
N
3HUIRUP . PHDQV FOXVWHULQJ RQ WKH ZHL
NPHDQV .0OHDQV QBFOXVWHUV N UDQGRPB
NPHDQV ILW ;BZHLJKWHG
$VVLJQ HDFK RULJLQDO YDOXH WR RQH RI
GDWD> &0XVWHU @ NPHDQV SUHGLFW GDW
BHW XS FRORUV IRU FOXVWHUV DGG PRUH
FRORUV >E J U F @
30RW HDFK FOXVWHU
SOW ILJXUH ILJVL]H
IRUL LQ UDQJH N
FOXVWHUBGDWD GDWD>GDWD> &0XVWH U
SOW VFDWWHU FOXVWHUBGDWD> 9DOXH @
ODEHO | &OXVWHU ~L"
30RW FOXVWHU FHQWHUYV
FOXVWHUBFHQWHUVB\ >GDWD>GDWD> &ON\
SOW VFDWWHU NPHDQV FOXVWHUBFHQWHUV
ODEHO &HQWHUV
3ULQW WKH UHVXOWV
SULQW &OXVWHULQJ 5HVXOWV
SULQW GDWD
&XVWRPL]H WKH SORW
SOW [ODEHO 9DOXH
SOW \ODEHO &RXQW
SOW WLWOH :HLJKWHG
SOW OHJHQG
6KRZ WKH SORW
SOW VKRZ

FOXVWHUV

PHDQV &OXVWHULGQ

DWH

UNHU R

DHUWLD
KPEHU Rl &0XVW

JKWHG GDWD
VWDWH

WKH IRXU FOXVYV
D>> 9DOXH @@
FRORUV LI \RX |

J @ L@

D FOXVWHUB
@NHU @ L@> &
B > @ FOXVWH

J SHVXOWYV




Fig. S4.4 The results of optimal clusters for temporary dynamic analysis (by Python 3.10.8.)



Fig. S4.5 The variation in recurring years and the integrated classification of temporary dynamic
analysis

Fig. S4.6 The spatio-temporal map of crops in Jianghan Plan: (a) Scenario I- High Stability, (b)
Scenario II- Medium Stability, and (c) Scenario IlI- Minimal Stability



(a)

(b)

Fig. S4.7 The MCDA process: (a) conceptual framework of hierarchical investigation, and (b) the
flowchart of Grey-based DEMATEL analysis



Table S4.5 The Upper (Omax) and Lower (Omin) Direct Impact Matrices of results from experts

Omin

of Env

Experts SOC ECOWB SL SA PD RA PS CS RN HC GDPBS GP CI
ENV 000 051 054 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
soc 0.38 0.00 0.55 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.35 0.34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
wB 0.00 0.00 0.00 0.00 0.61 0.58 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.28 0.00 0.46 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.31 0.43 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.49 0.49 0.56 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.40 0.00 0.53 0.58 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.40 0.36 0.00 0.51 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.33 0.32 0.38 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.56 0.55 0.43 0.51 0.57
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.33 0.00 0.46 0.41 0.52 0.55
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.34 0.44 0.00 0.43 0.47 0.54
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.47 0.48 0.47 0.00 0.53 0.54
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.38 0.37 0.43 0.36 0.00 0.50
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.32 0.34 0.35 0.35 0.39 0.00
(E))’(ggﬁtgf ENV SOC ECOWB SL SA PD RA PS CS RN HC GDPBS GP CI

ENV 0.00 0.62 0.65 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
soc 0.49 0.00 0.66 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.46 0.45 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
wWB 0.00 0.00 0.00 0.00 0.72 0.69 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.39 0.00 0.57 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.42 0.54 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.60 0.60 0.67 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.51 0.00 0.64 0.68 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.51 0.47 0.00 0.62 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.44 0.43 0.49 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.67 0.66 0.53 0.62 0.68
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.44 0.00 0.56 0.52 0.63 0.66
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.45 0.54 0.00 0.53 0.58 0.65
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.58 0.59 0.58 0.00 0.64 0.65
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.49 0.48 0.53 0.47 0.00 0.61
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.43 0.45 0.46 0.46 0.50 0.00




Table S4.6 The Sharpen Direct Impact Matrices (Osnarp) Of results from experts by Eq. (4-1)

nghartp ENVSOC ECOWB SL SA PD RA PS CS RN HC GDP BS GP (I
xperts

ENV 0.00 0.60 0.63 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOC 0.47 0.00 0.65 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.43 041 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.00 0.00 0.00 0.00 0.70 0.68 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.37 0.00 0.53 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.39 0.51 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.58 0.57 0.66 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.49 0.00 0.62 0.67 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.49 0.43 0.00 0.59 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.40 0.38 0.45 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.66 0.65 0.51 0.60 0.66
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.40 0.00 0.54 0.50 0.61 0.65
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.41 0.51 0.00 0.51 0.55 0.63
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.56 0.56 0.55 0.00 0.62 0.63
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.46 0.44 050 0.44 0.00 0.58
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.39 0.40 0.41 0.43 0.46 0.00




Table S4.7 The Normalising Matrices (Nmin, Nmax, and Nsharp) from experts by chords of the two
maxima

g‘gi’” ENV SOC ECO WB SL SA PD RA PS CS RN HC GDP BS GP CI

ENV 0.00 0.34 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOC 0.25 0.00 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.23 0.22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.00 0.00 0.00 0.00 0.38 0.37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.18 0.00 0.29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.19 0.27 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.22 0.25 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.18 0.00 0.24 0.25 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.18 0.16 0.00 0.23 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.14 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.15 0.15 0.11 0.14 0.15
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.00 0.12 0.11 0.14 0.15
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.12 0.00 0.11 0.12 0.14
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.12 0.13 0.12 0.00 0.14 0.14
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.10 0.11 0.10 0.00 0.13
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.08 0.09 0.09 0.09 0.10 0.00
Nmax ENV SOC ECO WB SL SA PD RA PS CS RN HC GDP BS GP CI

ENV 0.00 0.34 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOC 0.27 0.00 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.25 0.24 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.00 0.00 0.00 0.00 0.38 0.37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.21 0.00 0.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.22 0.29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.22 0.25 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.19 0.00 0.24 0.25 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.19 0.17 0.00 0.23 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.16 0.16 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.15 0.15 0.12 0.14 0.15
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.12 0.11 0.14 0.15
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.12 0.00 0.12 0.13 0.14
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.13 0.13 0.13 0.00 0.14 0.14
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.11 0.12 0.10 0.00 0.13
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.10 0.10 0.10 0.11 0.00
Nsharp ENV SOC ECO WB SL SA PD RA PS CS RN HC GDP BS GP CI

ENV 0.00 0.34 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOC 0.26 0.00 0.36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.24 0.23 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.00 0.00 0.00 0.00 0.38 0.37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.20 0.00 0.29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.21 0.28 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.22 0.25 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.19 0.00 0.24 0.25 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.19 0.16 0.00 0.23 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.15 0.14 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.15 0.15 0.12 0.14 0.15

HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.00 0.12 0.11 0.14 0.15




GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.12 0.00 0.12 0.12 0.14

BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.13 0.13 0.12 0.00 0.14 0.14
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.10 0.11 0.10 0.00 0.13
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.09 0.09 0.10 0.11 0.00

Table S4.8 The Total Relation Matrix (Tmin, Tmax, @nd Tsnarp) Of results from experts by Eq. (4-2)

Tminof  ENv SOC ECO WB SL SA PD RA PS CS RN HC GDP BS GP ClI

experts

ENV 0.30 0.59 0.68 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOC 0.47 0.30 0.64 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.41 0.43 0.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.00 0.00 0.00 0.24 0.65 0.65 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.32 0.25 0.48 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.33 0.47 0.26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.23 0.41 0.45 0.51 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.37 0.22 0.46 0.51 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.34 0.33 0.23 0.45 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.29 0.29 0.34 0.22 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.30 0.30 0.26 0.31 0.34
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.15 0.26 0.23 0.28 0.31
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.25 0.15 0.23 0.27 0.30
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.25 0.27 0.28 0.15 0.30 0.32
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.22 0.24 0.21 0.15 0.28
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.18 0.20 0.21 0.19 0.22 0.14
Tmax ENV SOC ECO WB SL SA PD RA PS CS RN HC GDP BS GP CI

ENV 0.35 0.63 0.71 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOC 0.53 0.35 0.68 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.47 0.49 0.34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.00 0.00 0.00 0.29 0.68 0.68 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.39 0.30 0.53 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.39 0.52 0.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PD 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.44 0.48 0.53 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.00 0.00 0.00 0.00 0.00 0.00 0.41 0.26 0.48 0.53 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.38 0.38 0.26 0.48 0.00 0.00 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00 0.00 0.00 0.33 0.33 0.38 0.25 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.16 0.31 0.32 0.28 0.32 0.35
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.24 0.17 0.28 0.26 0.30 0.32
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.23 0.27 0.17 0.26 0.29 0.32
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.27 0.29 0.29 0.17 0.32 0.33
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.23 0.25 0.26 0.24 0.17 0.30
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.23 0.23 0.22 0.25 0.16
Tsharp ENV SOC ECO WB SL SA PD RA PS CS RN HC GDP BS GP ClI

ENV 0.33 0.61 0.69 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOC 0.51 0.32 0.66 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ECO 0.44 045 0.32 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.00 0.00 0.00 0.28 0.67 0.67 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SL 0.00 0.00 0.00 0.36 0.28 0.50 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SA 0.00 0.00 0.00 0.37 0.49 0.28 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

PD 0.00 0.00 0.00 0.00 0.00 0.00 0.24 0.42 0.46 0.52 0.00 0.00 0.00 0.00 0.00 0.00




RA 0.00 0.00 0.00 0.00 0.00 0.00 0.40 0.24 0.47 0.52 0.00 0.00 0.00 0.00 0.00 0.00
PS 0.00 0.00 0.00 0.00 0.00 0.00 0.37 0.35 0.24 0.46 0.00 0.00 0.00 0.00 0.00 0.00
CSs 0.00 0.00 0.00 0.00 0.00 0.00 0.31 0.30 0.35 0.23 0.00 0.00 0.00 0.00 0.00 0.00
RN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.15 0.30 0.31 0.27 0.31 0.34
HC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.15 0.26 0.25 0.29 0.31
GDP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.25 0.15 0.25 0.27 0.31
BS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.28 0.28 0.16 0.31 0.33
GP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.23 0.24 0.22 0.15 0.29
Cl 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.19 0.21 0.21 0.20 0.23 0.15
Table S4.9 The DCMR analysis of results from experts by Eq. (4-3)
DfCMR D C M R
gxperts Upper Lower Sharpen |Upper Lower Sharpen [Upper Lower Sharpen [Upper Lower Sharpen
ENV 1.68 157 1.63| 134 1.18 1.28 | 3.03 2.76 0.00| 0.34 0.39 0.00
SOoC 155 1.42 150 | 146 1.32 1.38 | 3.01 2.74 0.00 | 0.09 0.10 0.00
ECO 1.30 1.13 121 | 173 1.62 1.68 | 3.02 2.76 0.00 | -0.43 -0.49 0.00
WB 1.65 1.54 1.61| 1.07 0.89 1.01| 2.72 2.43 0.61 0.58 0.66 0.30
SL 121 1.05 1.14| 150 1.38 1.44 | 2.72 2.43 0.43| -0.29 -0.33 0.42
SA 1.22 1.05 1.15| 151 1.38 1.45| 2.73 2.44 0.43| -0.29 -0.33 0.43
PD 1.71 1.60 165| 139 1.23 1.32 | 3.09 2.83 0.57| 0.32 0.37 0.42
RA 1.67 1.56 162 | 141 1.26 1.32 | 3.08 2.82 0.56 | 0.27 0.30 0.42
PS 149 1.36 142 | 159 1.47 1.52 | 3.08 2.83 049 | -0.10 -0.11 0.48
CS 130 1.13 120 1.78 1.69 1.73 | 3.09 2.82 0.41| -0.48 -0.56 0.55
RN 1.74 1.64 1.68| 135 1.19 1.25| 3.09 2.84 0.47 | 0.39 0.45 0.48
HC 156 1.44 148 | 152 1.39 1.42 | 3.08 2.82 0.41| 0.04 0.05 0.55
GDP 1.53 1.40 145 | 1.55 1.43 1.46 | 3.08 2.83 0.40| -0.02 -0.02 0.56
BS 1.67 157 160 | 142 1.28 1.34 | 3.09 2.84 0.45| 0.26 0.29 0.52
GP 145 131 135| 164 153 1.56 | 3.09 2.84 0.38 | -0.19 -0.22 0.60
Cl 131 1.14 119 | 179 1.69 1.72 | 3.09 2.84 0.33 | -0.48 -0.55 0.66




Table S4.10 The calculation process of the weight for biogas plant suitability by Eq. (4-4)

M R IR Weight by M }gf'ght by W metric  Weight
;gsnh{lhgnedxgerr{ta: s Sharpen
WB 0.9042 0.3092 0.3092 0.0733 0.1826 0.2558 0.1880
SL 0.8551 0.0054 0.0054 0.0693 0.0032 0.0725 0.0532
SA 0.8599 0.0041 0.0041 0.0697 0.0024 0.0721 0.0529
PD 0.9897 0.1492 0.1492 0.0802 0.0881 0.1683 0.1236
RA 0.9793 0.1390 0.1390 0.0793 0.0821 0.1614 0.1186
PS 0.9737 0.0045 0.0045 0.0789 0.0027 0.0816 0.0599
Cs 0.9651 -0.1380 0.1380 0.0782 0.0815 0.0782 0.0575
RN 0.9503 -0.0143 0.0143 0.0770 0.0085 0.0770 0.0566
HC 0.9595 -0.1354 0.1354 0.0777 0.0800 0.0777 0.0571
GDP 0.9662 -0.1608 0.1608 0.0783 0.0949 0.0783 0.0575
BS 0.9648 -0.0721  0.0721 0.0782 0.0426 0.0782 0.0574
GP 0.9805 -0.2288 0.2288 0.0794 0.1351 0.0794 0.0584
Cl 0.9953 -0.3329 0.3329 0.0806 0.1966 0.0806 0.0592
From the policymakers
WB 0.5454 0.3291 0.3291 0.0532 0.2195 0.2727 0.1981
SL 0.4721 -0.1338 0.1338 0.0460 0.0892 0.0460 0.0335
SA 0.5066 0.0003 0.0003 0.0494 0.0002 0.0496 0.0360
PD 0.9240 0.0801 0.0801 0.0901 0.0534 0.1435 0.1043
RA 0.9061 0.0192 0.0192 0.0884 0.0128 0.1012 0.0735
PS 0.9149 -0.0998 0.0998 0.0892 0.0666 0.0892 0.0648
Cs 0.9293 -0.2295 0.2295 0.0906 0.1530 0.0906 0.0658
RN 0.8476 -0.0123 0.0123 0.0827 0.0082 0.0827 0.0601
HC 0.8410 0.0943 0.0943 0.0820 0.0629 0.1449 0.1053
GDP 0.8278 0.0414 0.0414 0.0807 0.0276 0.1084 0.0787
BS 0.8362 -0.0204 0.0204 0.0816 0.0136 0.0816 0.0592
GP 0.8484 -0.1524  0.1524 0.0827 0.1016 0.0827 0.0601
Cl 0.8544 -0.2868 0.2868 0.0833 0.1912 0.0833 0.0605
From the local residents
WB 0.9583 0.3168 0.3168 0.0725 0.1973 0.2698 0.1978
SL 0.9017 0.0229 0.0229 0.0682 0.0143 0.0825 0.0605
SA 0.9215 0.1025 0.1025 0.0697 0.0639 0.1335 0.0979
PD 1.0120 0.0197 0.0197 0.0765 0.0123 0.0888 0.0651
RA 1.0011 0.0639 0.0639 0.0757 0.0398 0.1155 0.0847
PS 1.0114 -0.1223 0.1223 0.0765 0.0762 0.0765 0.0561
Cs 1.0134 -0.2132 0.2132 0.0766 0.1328 0.0766 0.0562
RN 1.0677 -0.0719 0.0719 0.0807 0.0448 0.0807 0.0592
HC 1.0588 0.0582 0.0582 0.0801 0.0363 0.1164 0.0853
GDP 1.0709 -0.1465 0.1465 0.0810 0.0912 0.0810 0.0594
BS 1.0685 -0.1138 0.1138 0.0808 0.0709 0.0808 0.0593
GP 1.0669 -0.1440 0.1440 0.0807 0.0897 0.0807 0.0592
Cl 1.0698 -0.2098 0.2098 0.0809 0.1307 0.0809 0.0593

* Combined Metric Calculation rule: when R>0, consider both M and |R|; when R<O0, only consider M.



Fig. S4.8 Environment constraints and buffer zones: (a)WB, (b)SA, and (c)SL

Fig. S4.9 Social constraints and duffer zones: (a)RA, (b)PS, and (c)CS



Fig. S4.10 Economic constraints and buffer zones: (a)RN, (b)GP, and (c)CI

Fig. S4.11 Buffer zones: (a)point, (b)linear, (c)planar, and (d) all buffer zones



() (b)

(c) (d)

(e) (®

(9) (h)
Fig. S4.12 The MCDA decision by policy-makers and local residents: (a) Total Relation Matrices
(Tsharp) heatmap by policy-makers, (b) Tshap heatmap by residents, (c) trajectory plots for centrality-
causality (M-R) by policy-makers, (d) trajectory plots by residents, (e) influencing-influenced (D-C)
linkage and scatterplot by policy-makers, (f) linkage and scatterplot by residents, (g) causal network
diagram by policy-makers, and (h) causal network diagram by residents.



Fig. S4.13 Results of weighted overlay analysis with MCDA final scores: ()WB, (b)SL, (c)SA, (d)PD,
(e)RA, (f)PS, (g)CS, (h)RN, (i)HC-transporting costs, (j)HC-packing costs, (k)\GDP, (I)BS, (m)GP,
and (n)ClI



Fig. S4.14 Stability maps of crops used for the biomass seasonality (BS) overlays: (a) High, (b)
Moderate, and (c) Minimal



Fig. S4.15 Suitability maps decided by (a) experts (Exp.), (b) policy-makers (Pol.), (c) local residents
(Res.), and (d) pixel counts of stakeholders with 9 suitability levels.



Fig. S4.16 Biogas plant candidates with spatio-temporal scenarios: (a) distribution under scenario I,
(b) scenario ll, (c) scenario 1lI; (d) Zonal statistic of candidates by experts (Exp.), (€) by policy-makers
(Pol.), and (f) by local residents (Res.).



Fig. S4.17 Live-sites of chosen biogas plant sites



Table S4.11 Parameters w of Kernel Smooth used in the curve plots

Parameter Wy Wy

Scenario Il Il I 1
Demand 0.097 0.049

Expert 0.25 0.23 0.23 0.22 0.22 0.22
Policymaker 0.22 0.23 0.22 0.32 0.32 0.30
Resident 0.28 0.26 0.27 0.22 0.23 0.24

Table S4.12 Location-Allocation metrics in GIS Network Analyst

_ Scenario o
Metric Surveyor | Il Il Description
o ) Expert 64.4 63.9 65.2 Itindicates the facilities a surveyor chose
Decision-making ) ) ) i
Policy-maker 26.7 19.7 27.3 in ascenario against the total chosen by
shares (%) . ) )
Residents 48.9 32.8 515 all surveyors in that scenario.
Expert 68.6 86.6 90.3 A higher total weight suggests a greater
Sum of allocated )
] Policy-maker 50.1 50.1 51.1 overall demand or need at the analysed
weight (%) _ )
Residents 60.5 73.8 76.6  points.
Sum of allocated Expert 115 125 21.0 ) ]
] ) A lower total weighted impedance
weighted Policy-maker 26.6 26.3 263 o i
_ . indicates a more efficient solution.
impedance Residents 16.1 124 124




Table S4.13 The coordinates of the chosen plant sites

Chosen
sites

Stability Scenarios

Coordinates

31.83137,112.4631
31.57668,112.5105
31.47599,112.1077
31.42861,112.9369
31.42861,113.1501
31.42269,112.9191
31.42269,112.931

31.23315,112.7829
31.20946,112.6822
31.14431,112.9547
30.76524,112.6052
30.74747,112.5578
30.74155,112.3801
30.70009,112.2084
30.62902,112.0189
30.62309,112.4275
30.58756,112.1255
30.52833,113.701

30.52241,112.1965
30.52241,113.5233
30.50464,113.695

30.48687,112.2676
30.48687,112.3209

30.4691,113.695
30.38618,112.9547
30.35656,113.2686
30.35064,112.6052
30.22626,111.9419
29.91827,111.7642
31.68329,112.5815
31.63591,112.1255
31.40492,113.1501
31.25685,112.8895
31.25092,113.2923
31.17985,112.9191
31.17985,113.1324
31.14431,112.9665
31.07323,112.2972
30.69417,112.1788
30.21441,112.4868
29.63989,113.1205
31.58853,112.5223
31.08508,112.315
30.77709,112.6111
30.61125,112.4394

31.83137,112.4631
31.69514,112.5934
31.57668,112.5105
31.52337,112.0248
31.49968,112.161

31.47599,112.1077
31.45822,112.9487
31.42861,113.1501
31.42269,112.9191
31.42269,112.931

31.29238,112.5223
31.26277,113.2804
31.23315,112.854

31.19762,112.6822
31.14431,112.9547
31.06139,112.7059
30.94885,112.6171
30.76524,112.6052
30.74747,112.5578
30.74155,112.3801
30.70009,112.2084

30.62902,112.0189
30.62309,112.4275

30.58756,112.1255
30.53425,113.7069
30.52241,112.1965
30.52241,113.5233
30.50464,113.6891
30.48687,112.2676
30.48687,112.3209
30.48095,113.6891
30.43949,112.4098
30.38618,112.9547
30.35656,113.2686
30.33879,112.5697
30.27364,111.6694
30.22626,111.9419
29.91827,111.7642
29.9005,111.6635

31.68329,112.5815
31.63591,112.1255
31.40492,113.1501
31.25685,112.8895
31.25092,113.2923

31.17985,112.9191
31.17985,113.1324

31.12654,113.0376|
31.07323,112.2972,
29.63989,113.1205|
31.58853,112.5223]
31.44045,112.9251]
31.26277,113.2745
31.22131,112.6941)
31.17985,112.4631]
31.15615,112.9487|
30.77709,112.6111
30.61125,112.4394
30.52833,113.701

30.33287,112.5578]
30.69417,112.1788]
30.20849,112.4808|

31.83137,112.4631
31.69514,112.5934
31.5826,112.1492

31.57668,112.5105
31.5293,112.0189

31.49968,112.161

31.49968,112.6822
31.47599,112.1077
31.45822,112.9487
31.42861,113.1501
31.42269,112.9191
31.42269,112.931

31.26869,112.5282
31.26277,113.2804
31.23315,112.854

31.19762,112.6822
31.18577,112.469

31.14431,112.9547
31.06139,112.7059
30.94885,112.6171
30.76524,112.6052

30.74747,112.5578
30.74155,112.3801

30.70009,112.2084
30.62902,112.0189
30.61125,112.4394
30.58756,112.1255
30.53425,113.7069
30.52241,112.1965
30.52241,113.5233
30.50464,113.6891
30.49279,112.2558
30.48687,112.3209
30.48095,113.6891
30.43949,112.4098
30.38618,112.9547
30.35656,113.2686
30.33879,112.5697
30.27364,111.6694
30.22626,111.9419
29.98934,111.391

29.91827,111.7642
29.9005,111.6635

31.68329,112.5815

31.63591,112.1255
31.40492,113.1501

31.25685,112.8895
31.25092,113.2923
31.17985,112.9191
31.17985,113.1324
31.15615,113.0613
31.12654,113.0376
31.07323,112.2972
30.69417,112.1788
30.20849,112.4808
29.63989,113.1205
31.58853,112.5223
31.44045,112.9251
31.26277,113.2745
31.22131,112.6941
31.17985,112.4631
31.15615,112.9487
30.77709,112.6111
30.52833,113.701

30.49279,112.2795
30.33287,112.5578

Total

45

61

66

* Format: Latitude (N), Longitude (E); Notation: Decimal Degree.



5. Renewable Energy Communities in rural areas: a comprehensive overview of current

development, challenges, and emerging trends
5.1. Abstract

Achieving long-term environmental and economic stability amid climate change requires renewable
energy technologies. This review analyses 86 studies on rural energy communities, focusing on their
development, challenges, and emerging trends. Findings show 38% focus on rural energy
development, 36% on community engagement, and 26% on integrating agricultural practices. Key
drivers include technological innovations, supportive regulatory frameworks, and community
participation. Trends highlight advanced hybrid systems and smart grids, transitioning from localised
solutions to integrated systems across Early Stage (2004-2010), Development Phase (2011-2017),
and Advanced Integration (2018-2024). Significant challenges are financial constraints (21%),
infrastructural barriers (35%), regulatory hurdles (44%), and participation issues (52%). Crucial
elements for development are technological innovation (56%), regulatory compliance (30%),
resilience (84%), and scalability (81%). Internal thematic connections (R2>0.80) emphasise
resilience, scalability, economic benefits, environmental sustainability, and social benefits. This
review underscores the need for continuous innovation, supportive policies, and community
involvement to ensure resilient and scalable rural energy communities, enhancing local economic

growth, sustainability, and energy security. The graphical abstract is shown in Fig. 5.1.

Fig. 5.1 Graphical abstract of renewable energy communities in rural areas



Keywords: Rural energy communities, renewable energy, bioenergy, technological innovation,

sustainable energy systems

5.2. Introduction

How can we achieve long-term environmental and economic stability in the face of climate change
and resource depletion? Adopting renewable energy technologies is crucial to the answer (Raimondi
et al., 2024). Renewable energy systems play a vital role in this transition by reducing dependency
on finite resources, lowering carbon footprints, and mitigating the adverse effects of climate change
(Halama, 2022; Nassar et al., 2024). These sustainable energy systems are integral to fostering
resilient economies and preserving ecological balance for future generations.

What role do rural areas play in the global energy transition? The answer is pivotal but challenging.
Well-suited for developing alternative energy and bioenergy systems in rural areas, it provides both
clean energy and solutions for sustainable agricultural waste management and climate change
mitigation (Quirapas and Taeihagh, 2024). These regions often have abundant natural resources,
e.g., solar, wind, and biomass, harnessed for energy production (Nassar et al., 2024; Rdder et al.,
2017). Various forms of bioenergy, like biogas, biomethane, and biodiesel, are derived from organic
materials, e.g., agricultural residues, livestock effluents, manure, and forestry by-products (Roy et
al., 2018; Sokolnikova et al., 2020). These bioenergy sources can be used locally to meet farm
energy needs and can also be integrated into national grids, thereby supporting energy access and
sustainability both locally and remotely (Nassar et al., 2024; Quirapas Franco and Taeihagh, 2024).
However, rural areas face significant obstacles, including limited access to infrastructure,
technological barriers, and financial constraints (Bessette et al., 2020; Shah et al., 2021). Addressing
these challenges is essential for leveraging the full potential of rural areas in energy development
and achieving broader sustainable development goals (Jenny et al., 2006; Martens, 2022).

Beyond producing energy for local consumption, rural areas can contribute significantly to broader
energy networks. The energy generated in these areas can be transported to urban centres and
integrated into larger grids for electricity and heat production (Gaiser and Stroeve, 2014; Raimondi
et al., 2024). This interconnected energy system enhances overall grid stability and efficiency while
promoting the decentralisation of energy production and consumption (Halama, 2022; Raimondi et
al., 2024). By leveraging the natural advantages of rural areas and addressing their unique
challenges, developing sustainable energy systems in these regions can significantly contribute to
the global energy transition. Integrating alternative energy and bioenergy in rural areas is crucial for
creating resilient, low-carbon communities that can thrive both economically and environmentally
(Coady and Duquette, 2021; Sadig et al., 2023).

So, how can communities collaborate to drive the energy transition in rural areas? Energy

communities are legal entities designed to enable citizens, small businesses, and local authorities



to collaboratively produce, manage, and consume their energy. According to the European Union
(EV), these communities provide a framework for diverse stakeholders to work towards common
energy goals (European Commission, 2022). Energy communities are primarily categorised as
Renewable Energy Communities (RECs) and Citizen Energy Communities (CECs) (European
Commission, 2019; Energy Communities Repository, 2022). RECs focus on renewable energy
sources like solar, wind, and biomass within a localised area, promoting sustainable energy
production and local resilience (Gonzélez et al., 2023; Halama, 2022; Ugwoke et al., 2021). CECs
encompass a variety of energy solutions, emphasising local ownership and participation in energy
projects, and enhancing grid flexibilty -DVL VNL HW DO.

Rural energy communities offer a range of benefits spanning environmental, economic, social, and
energy/grid efficiency dimensions. Promoting local renewable energy production significantly
contributes to reducing CO ¢ emissions, boosting local economies, and improving infrastructure
(Ferrari et al., 2022; Yi et al., 2023). For example, studies like (Coady and Duquette, 2021; Nassar

et al., 2024) demonstrate that local focus on renewable energy can decrease reliance on fossil fuels

and mitigate the environmental impacts of energy production. Members of energy communities can
obtain financial incentives, including subsidies and favourable policies (Raimondi et al., 2024). The
energy generated is sold to the national grid at market prices, providing a steady revenue stream
(Quirapas Franco and Taeihagh, 2024). Additional benefits include cost savings on energy bills, job
creation, and reduced energy loss due to local production and distribution, enhancing grid efficiency

and reliabiity +DODPD -DVL VNL HW DO 5 More®/€ Ganergyv D O
communities foster social cohesion by involving all members, including those unable to set up private
renewable systems. This inclusivity raises awareness about sustainability, promotes energy
conservation, and educates citizens on the importance of natural resources -DVL VNL HW. DO
The communal nature of these projects also leads to shared economic benefits and increased local
engagement (Martens, 2022).

6XFFHVVIXO HQHUJ\ FRPPXQLWLHY FDQ EH IRXQG DFURVQHXNURSH
IRU $00 (XURSHDQV" SDFNDJH KDV OHG WR WKH HVWDEOLVKPH
particularly in rural areas (European Commission, 2019; IEA, 2023). For instance, in rural Greece,
energy communities have integrated solar power systems, enhancing local energy resilience and
reducing costs for farmers (Nassar et al., 2024). In Denmark, local communities in rural areas have
developed wind power projects, providing clean energy and generating revenue for community
services -DVL VNL HWIr@al Spain, hybrid solar and wind power systems have significantly
reduced energy costs and increased energy independence (Quirapas Franco and Taeihagh, 2024).

The European Commission estimates that by 2030, citizen-led energy communities could own up to

17% of wind and 21% of solar power (Raimondi et al., 2024).

Existing literature highlights the potential of rural energy communities in promoting sustainable

energy transitions, enhancing local energy security, and strengthening community engagement.



However, significant research gaps remain, particularly in empirical data addressing diverse rural
contexts globally (Raimondi et al., 2024). Most studies focus on theoretical frameworks, policy
analyses, or specific case studies, with less attention to emerging trends and innovative practices
within rural energy communities (Tsoeu-Ntokoane et al., 2024). Addressing these gaps is crucial for
developing effective, inclusive, and sustainable energy solutions, guiding policy, and enhancing
community engagement to implement and scale energy community initiatives successfully.

Consequently, our review article aims to address the following key questions:

X :KDW IDFWRUV GULYH DQG HQDEOH WKH JURZWK RI VXVWDLQDE

X :KDW QHZ WUHQGY DQG LQQRYDWLYH SUDFWLFHV DUH HPHUJLQ.

X +RZ GR WKHVH FRPPXQLWLHY LQWHJUDWH DJULFXOW)QHUI\SUD
SURGXFWLRQ"

The primary objective of this study is to explore how rural areas drive the development of sustainable
energy communities by identifying the key drivers and enablers for their growth. Our work addressed
it by analysing the broad spectrum of existing research, including integrating agricultural practices
with energy community projects and implementing renewable energy technologies. Additionally, we
examined the emerging trends and innovative practices shaping the future of rural energy
communities, providing insights into technological advancements and new approaches. By focusing
on the empirical studies in rural settings and the systematic literature review approach, we
highlighted the temporal aspects of these energy communities. Our review offers comprehensive
insights into the critical elements, benefits, and challenges rural energy communities face,
contributing valuable knowledge on their potential for broader application and their impact on

sustainability and energy production.

5.3. Field of analysis and research methodology
5.3.1. Search strategy and selection

The data gathering focused on two concepts: (1) energy communities and (2) rural areas. Key search

WHUPV DUH VKRZQ LQ 7DEOH *LYHQ UXUDO HQHUJ\QERAPXXH) L B/ L
systematic literature review was applied to compile, appraise, and evaluate relevant research (Figure

1). The review followed guidelines from previous studies and was conducted according to the

PRISMA approach (Page et al., 2021; PRISMA, 2020).



Table 5.1 Concepts for extraction of research documents

Concept Search terms used

Energy energy communit*,bioenergy communit*,community energy,community bioenergy,

community biomass, new energy, renewable energy, biomass energy, energy grid, smart

energ*, smart power, smart grid*, smart electricity, electric grid*, heat grid*

rural, agricultural, agriculture, agricultural waste, agricultural by-product, agrifood*, agri-
Rural areas  food*, livestock, husbandry, manure, slurry, poultry, pig, swine, cattle, cow, dairy, beef,

crop, crop straw*, crop residue*, straw*, husks, bio-based, biomaterial*, biorefiner*
* indicates shared prefixes and plural endings, omitting the endings to ensure comprehensive search
results. The search string is presented in Table S5.1

community

Fig. 5.2 Diagram of systematic literature review (adapted from Page et al. (2021) and Shen et al.
(2023)).

7KH OLWHUDWXUH ZDV LQLWLDO-@BSLt.GHQWHDUHFE® W& UsRX2 B 6D D@ & /:(H
Science database (Wo0S). Titles and abstracts were then screened for records, and those relevant

to the topic were retrieved in full text (Shi et al., 2023). The search was limited to English-language



results and included only empirical research articles, explicitly excluding review articles. There were
no restrictions on the time frame or geographical location of the studies.

Despite numerous records on rural energy community development, most lacked in-depth
information or were not suitable for our analysis. Articles were selected based on criteria: peer-
reviewed literature on rural energy communities, focusing on rural/energy development, community

engagement, sustainability, and/or agricultural practice integration

5.3.2. Categorisation and analysis
5.3.2.1. Categories of selected articles

After data gathering, all selected articles were checked in full, and key information was extracted
and classified according to the three main location focuses (i) rural energy development, (ii)
community engagement and sustainability, and (iii) integration of agricultural practices. The
definitions and keywords they contained are presented in Table S2.

According to the research objectives (e.g., energy access and/or utilisation, environmental and
resource sustainability), types of energy use, community types, impacts (i.e., benefits and crucial
elements for developing the energy community), and key challenges, three levels categorised all
DUWLFOHYVY HJ 3 HQHUJ\ XVH™ 3 ELRHQHUJ\ ELRRPDVKRZQ LQ I
Table S5.3. The secondary categorisation is used for correlation and cluster analysis (Obal et al.,
2023). Moreover, the types of technological innovation within energy communities were extracted
and grouped for comprehensive review and insights. The status of the countries (i.e., developing or
developed) was also noted, as it influences the direction of further research analysis (Liu et al., 2022).

Finally, similar terms or phrases were grouped into predefined categories.

5.3.2.2. Correlation and cluster analysis between secondary categories

By analysing the linkages between the second-level categories, we can gain a macroscopic
understanding of the interrelationships between various elements of research (Nardo et al., 2005).
The number of articles in each category was recorded. A category-count matrix was generated by
fixing one secondary category and observing the changes in article number corresponding to the
remaining secondary categories (Table S5.5). This matrix facilitated a detailed analysis of how
articles within each secondary category addressed others, aiming to understand the overlap and
focus across different categories within the literature. The analysis involved the following steps:

Pairwise comparison: Pairwise comparisons were conducted to assess the relationships between
the different secondary categories and their associated subcategories. This step involved analysing
the extent to which articles in one secondary category also discussed topics in other subcategories,

thereby identifying patterns of thematic overlap (Barabasi, 2013). The goal was to determine the



degree of correlation (positive, negative, or no correlation) between the number of articles in different
subcategories across various secondary categories.

Correlation coefficient calculation: The square of the Pearson correlation coefficient (R2) was used
to measure the linear correlation between the number of articles in two variables (i.e., secondary
categories). Moreover, a correlation heatmap was generated, providing a visual representation of
the strength and direction of correlations between the secondary categories, making it easier to
identify patterns and significant relationships (Shi et al., 2024).

Hierarchical clustering analysis: To further explore the relationships between the secondary
categories, hierarchical clustering was conducted (Benevento and Durante, 2024). The Complete
Linkage Method was utilised to calculate the Euclidean Distance between categories. A clustering
dendrogram was generated to visualise the hierarchical structure and relationships among the
secondary categories.

By employing these methods, interrelations between the secondary categories and their
subcategories were systematically analysed and visualised. This comprehensive approach provided
valuable insights into the thematic overlaps and distinct focuses within the literature, enhancing the

understanding of the research landscape in rural energy community.

5.4. Categorisation results

Through a systematic review, 86 articles published were selected and analysed, with the first one
published in 2004. By analysing the key themes in Table S5.3, we found that 38% of articles focus
on rural energy development, 36% on community engagement and sustainability, and 26% on
integration of agricultural practices.

By categorising 86 articles, we defined 5 types of research objectives (Section 5.4.1.), 4 types of
rural energy communities (Section 5.4.2.), and 3 types of energy use (Section 5.4.3.). Moreover, we
identified that conducting 4 types of crucial elements for community development may bring at least
4 kinds of benefits (Section 5.4.4.), overcoming 4 challenges (Section 5.4.5.). All categorisation
results are graphically depicted in Fig. 5.3. Among these, the 28 types (including 3 location focuses
and 2 country statues) constitute the secondary categories for comprehensive reviews in Section
5.5.



Fig. 5.3 Categorisation of existing study results by: (a) Distribution of location focus, (b) Research
objectives, (c) Types of rural energy communities, (d) Main evaluation criteria (benefits and crucial
elements), and (e) Specific innovative technologies. Distribution of location focus areas (a) includes
rural energy development (33 articles), community engagement and sustainability (31), and the
integration of agricultural practices (22). Types of rural energy communities (c) are grouped into
RECs (27), CECs (23), and 18 articles discussing both types. As shown in (d), the analysis of papers
includes the benefits of energy communities and crucial elements for energy communities. For
technological innovation, (e) categorises 49 specific technologies into eight types, with the number
of technologies listed after each type.

5.4.1. Current research objectives
5.4.1.1. Renewable energy system development

Of the 86 articles, 23 (27%) focus on developing, managing, and optimising renewable energy
technologies, as Figure 2(b) shows. These studies explore various strategies to enhance energy
access and sustainability in remote and agrarian communities. For instance, Gonzalez et al. (2023)
discuss the design and implementation of hybrid renewable energy systems (HRES) combining solar,
wind, and biogas technologies to optimise energy output and sustainability. Similarly, Sudhoff et al.
(2022) explore integrating solar PV systems with local energy grids in remote villages, demonstrating

significant improvements in energy reliability and reduction in CO semissions.



5.4.1.2. Socio-economic impacts and regulatory analysis

32 articles (37%) focus on merging socio-economic impacts with regulatory assessments. This
category underlines the interaction between economic, social, and regulatory frameworks,
highlighting the comprehensive influence of policies on renewable energy uptake and the associated
community dynamics. For example, Chen et al. (2022) evaluate the economic savings of community
energy projects in rural Spain, finding that local energy cooperatives significantly reduce electricity
costs and enhance local economic resilience. Pinpatthanapong et al. (2022) examine the regulatory
challenges and opportunities in implementing renewable energy projects in rural India, emphasising

the need for supportive policies to foster community engagement and sustainability.

5.4.1.3. Environmental and resource sustainability

27 articles (31%) integrate environmental sustainability using life cycle assessment (LCA) and
geographic information system (GIS). These studies emphasise the sustainable management of
resources and the environmental impacts of energy systems. Kuno et al. (2023) use GIS to assess
the potential of biomass energy in rural Ethiopia, highlighting the environmental benefits of using
agricultural residues for energy production. Halama (2022) explores the integration of LCA in
evaluating the environmental impact of solar energy projects in rural Thailand, demonstrating

significant reductions in carbon footprint and resource consumption.

5.4.1.4. Techno-economic and infrastructure feasibility

DUWLFOHYV DVVHVVY UHQHZDEOH HQHUJ\ V\VW HRMIVW HFNOQG IEHD
explore the feasibility of integrating these systems into existing power grids and evaluate their
resilience against various challenges. Martens (2022) examines the techno-economic feasibility of
hybrid energy systems in rural Indonesia, finding that combining solar and biomass can significantly
reduce energy costs and enhance grid stability. Li et al. (2022) investigate the infrastructure
requirements for deploying off-grid solar PV systems in remote African communities, highlighting the

importance of technical support and local capacity building for successful implementation.

5.4.1.5. Energy access and biomass energy utilisation

44 articles (51%) focus on enhancing energy access through the development of biomass and
bioenergy solutions. These studies examine the technical viability and social implications of utilising

biomass energy. -DVL VNL HW dflore using agricultural residues for biogas production in



rural China, demonstrating significant improvements in energy access and agricultural efficiency.
Nassar et al. (2024) discuss the integration of biogas and solar PV systems in rural Brazil,
highlighting the benefits of combined renewable energy solutions in improving energy security and

reducing environmental impact.

5.4.2. Rural energy community types

The articles differentiate between developed (45 articles) and developing (44) countries, highlighting
the different challenges and opportunities in each context. Besides, 2 types of energy communities
are identified in 68 articles, emphasising their role in enhancing local energy sustainability and

governance:

5.4.2.1. Renewable Energy Communities (RECs)

27 articles solely focus on communities utilising renewable energy sources, e.g., biomass (48%),
solar (44%), wind (15%), and geothermal (7%). These articles also involve local businesses (22%),
citizens (15%), public administrations (11%), and small to medium-sized enterprises (7%) focused
on producing, exchanging, and utilising renewable energy within a localised area. For instance,
Ugwoke et al. (2021) discuss the establishment of RECs in rural Nigeria, highlighting significant
improvements in energy access and sustainability through the integration of solar and biomass
energy systems.

5.4.2.2. Citizen Energy Communities (CECs)

23 articles examine communities with broader energy solutions and energy management
incorporating local governance. This includes funding for local infrastructure improvements (28%),
community services (22%), job creation (16%), etc. -DVL VNL HW di3€dss the role of energy
cooperatives in rural Poland, highlighting their effectiveness in enhancing local energy independence

and reducing costs.

5.4.2.3. Combined with both types (R/CECs)

18 articles address communities that integrate both REC and CEC approaches. For example, Saez
et al. (2023) discuss a hybrid energy community project in rural Spain, demonstrating significant
energy reliability and sustainability improvements by integrating diverse renewable sources.

Other 18 articles do not fit into the REC or CEC categories, emphasising their unique approaches to
energy management and sustainability, as Marique and Reiter (2014) introduced zero-energy

community framework applied in neighbourhood-scale transportation.



5.4.3. Energy usage

Table 5.2 Energy sources and types

Relevant articles

Article
Energy source Type numbers

Renewable solar (PV) 30
energy

wind 7

hydro 2

geothermal 2

others 15
Bioenergy/ direct use of biofuel* 5
biomass

biomass products 9

(e.g., biogas,

biodiesel)

bioenergy for 10

electricity generation

agricultural bioenergy 20
(e.g., agricultural
waste/residues, food,
livestock manure,
bioenergy crops,

forestry, biorefinery)

others 8

Smart grids: multiple sources and 25
advanced energy usage

(Abouaiana and Battisti, 2022; Barbour et al., 2018; Dauenhauer
et al., 2020; Fina et al., 2019, 2020; Gaiser and Stroeve, 2014;
Garner and Dehouche, 2023; Garniwa and Herdiansyah, 2021;
*RQJiOH] HW DO +DODPD -D/QR
et al., 2024; Jenny et al., 2006; Kansongue et al., 2022; Kuno et
al., 2023; Li et al., 2022; Ling et al., 2021; Lugman and Al-Ansari,
2020; Marigque and Reiter, 2014; Mustafa et al., 2022; Nassar et
al., 2024; Nematchoua et al., 2021; Rafique et al., 2019; Rafique
et al., 2018; Sadiq et al., 2023; Saez et al., 2023; Samanta et al.,
2021; Sokolnikova et al., 2020; Tucho and Nonhebel, 2017; Van
Hoesen and Letendre, 2010)

(Garner and Dehouche, 2023; Marique and Reiter, 2014; Mustafa
et al., 2022; Nassar et al., 2024; Sadiq et al., 2023; Sokolnikova
et al., 2020; Van Hoesen and Letendre, 2010)

(Guerreiro and Botetzagias, 2018; Raimondi et al., 2024)

(Acheilas et al., 2020; Sadiq et al., 2023)

(Aberilla et al., 2020; Chen et al., 2022; Dash et al., 2018; Okoko
et al., 2017; Romijn et al., 2010)

(Aberilla et al., 2020; Coady and Duquette, 2021; Halama, 2022;
Nansaior et al., 2013; Okoko et al., 2017; Pinpatthanapong et al.,
2022; Roldan-Porta et al., 2023; Romijn et al., 2010; Tucho and
Nonhebel, 2017)

(Aberilla et al., 2020; Janota et al., 2023; Nassar et al., 2024;
Okoko et al., 2017; Pérez-Fortes et al., 2012; Raimondi et al.,
2024; Romijn et al., 2010; Sadiq et al., 2023; Samanta et al., 2021;
Vongchan et al., 2020)

(Aberilla et al., 2020; Adhikari and Adhikari, 2021; Bessette et al.,
2020; Blanco et al., 2015; Cunfer et al., 2018; Haile et al., 2016;
Janota et al., 2023; Kandel et al., 2016; Kishita et al., 2017; Liu et
al., 2018; Nansaior et al., 2013; Okoko et al., 2017; Perpifia et al.,
2009; Rhofita et al., 2022; Rdoder et al., 2017; Roy et al., 2018;
Shah et al., 2021, Sikka et al., 2013; Stolarski et al., 2021; Supastri
et al., 2020)

(Acheilas et al., 2020; Alvial-Palavicino et al., 2011; Barbour et al.,
2018; Coady and Duquette, 2021; Dasi-Crespo et al., 2023;
Dauenhauer et al., 2020; Gaiser and Stroeve, 2014; Garner and
Dehouche, 2023; Gonzélez et al.,, 2023; Jenny et al., 2006;
Kansongue et al., 2022; Kuno et al., 2023; Lugman and Al-Ansari,
2020; Marinakis et al., 2020; Muhoza and Johnson, 2018; Mustafa
et al., 2022; Nassar et al., 2024; Quirapas Franco and Taeihagh,
2024; Rafique et al., 2019; Sadiq et al., 2023; Saez et al., 2023;
Samanta et al., 2021; Shabdin and Padfield, 2017; Smpoukis et
al., 2020; Sudhoff et al., 2022)

* The direct use of biofuel involves using bio-based materials for cooking and heating, a practice common
among rural and economically disadvantaged populations due to its availability and affordability.



108 energy sources are identified from 86 articles, of which 49% are bioenergy/biomass, and 55%
are renewable energy (excluding biomass), illustrated in Table 5.2. Multiple energy sources are
combined to create the smart grids, and 25 advanced/integrated energy usage instances were
mentioned. For example, in (Sadiq et al., 2023), this smart grid practice involves combining solar PV
(30%), solar-thermal (27%), wind (24%), and biomass (20%) to electrify off-grid communities
sustainably. Nassar et al. (2024) used HRES, combining a parabolic dish solar concentrator and a

biomass digester to generate electricity, heating, and cooking gas.

5.4.4. Benefits and crucial elements

Constructing an energy community relies on comprehensive societal assessments of its

effectiveness and sustainability. This involves the benefits it brings and the crucial elements it takes.
5.4.4.1. Benefits of rural energy communities

Environmental benefits: 55 articles emphasise the environmental advantages of renewable energy
projects, e.g., reducing CO ¢ emissions and decreasing dependency on non-renewable energy
sources. Nassar et al. (2024) discuss the environmental benefits of HRES in rural Libya,
demonstrating significant reductions in CO eemissions and improved sustainability.

Economic benefits: 47 articles report the financial advantages of community-based energy projects,
e.g., cost savings and investment returns. -DVL VNL HW Hy#light the economic benefits of
energy cooperatives in the EU, demonstrating significant reductions in electricity costs and enhanced
local economic resilience.

Social benefits: 41 articles outline the social benefits of community energy projects, e.g., community
engagement and social cohesion improvements. Quirapas and Taeihagh (2024) discuss the social
impact of renewable energy projects in rural Philippines, highlighting significant community
participation and empowerment improvements.

Energy/grid efficiency: 15 articles discuss the improvements in grid efficiency and management
achieved through community-based energy projects. Sudhoff et al. (2022) highlight the benefits of
using flexible assets in energy communities, e.g., battery storage and electric vehicle charging points,

to enhance grid reliability and reduce peak power demands.

5.4.4.2. Crucial elements for community development

Technological innovation: 49 articles highlight the importance of advanced renewable technologies
and smatrt grid integration, which can be categorised into 8 types as shown in Table 5.3. Nassar et
al. (2024) discuss renewable energy systems (accounting for 39%) and their integration in rural Libya,

showing significant improvements in efficiency and sustainability through technological innovation.



Moreover, over time (2004-2024), the role of technology in energy communities has advanced
significantly. Section 5.5.1 delves into this technological evolution into three stages, providing a

focused discussion on its impact on energy communities.

Regulatory compliance and support: 19 articles emphasise the role of regulatory frameworks and

supportive policies in fostering energy community development. For instance, -DVL VNL HW DO
discuss the impact of regulatory compliance and support mechanisms in facilitating the success of

energy cooperatives in rural Germany, highlighting significant improvements in energy access and
sustainability. Adherence to EU regulations and national laws, e.g., the EU Renewable Energy

Directive (European Commission (2019) - RED Il and RED Ill) (Garner and Dehouche, 2023;

Gonzalez et al.,, 2023) 3RODQGTV VKLIW IURP QHW PHWHULQJ WRNdQHW EL
6SDLQYV UHIJXODWRU\ IUDPHZRUN LV FUXFLDO DERFPSFOMNDQIFHX ZRWK
Directives (Trevisan et al.,, 2023) DQG HQJDJHPHQW ZLWK QDWLRQDO HQHUJ\ S
strategic plan (Kuno et al., 2023), further support this development. Local subsidy programs for
UHQHZDEOH HQHUJ\ LQVWDOODWLRQV DQG ,QGRQHVLDYV *RYHUQP
development also contribute to the growth of energy communities (Rhofita et al., 2022).

Moreover, 66 articles highlight the importance of resilience and adaptability in sustaining energy
communities, with Kuno et al. (2023), for example, discussing the role of off-grid solar PV systems

in enhancing the resilience of rural communities in Kenya, demonstrating significant improvements

in energy security and local economic development. Similarly, 67 articles emphasise the importance

of scalability and replicability in advancing sustainable energy practices, as illustrated by Quirapas

Franco and Taeihagh (2024), which discusses the scalability of community-based energy projects

in rural Philippines and highlights their potential for replication in similar rural contexts to enhance

sustainability and energy access.

5.4.4.3. Key challenges of energy community development
The articles identify 4 types of challenges in developing energy communities in rural areas:

Economic and financial challenges: 21% of the articles discuss the financial sustainability and cost-
effectiveness issues energy projects face. -DVL VNL HW Hyflight the economic challenges
of establishing energy cooperatives in rural Germany, emphasising the need for financial support
and cost-effective solutions.

Technical and infrastructure challenges: 35% of the articles explore the technical barriers and
implementation challenges of renewable energy systems. Martens (2022) discusses the technical
challenges of integrating hybrid energy systems in rural Indonesia, emphasising the need for

technical support and local capacity building.



Policy and regulatory challenges: 44% of the articles examine the impact of regulatory frameworks
and supportive policies on energy community development. Magnani and Cittati (2022) discuss the
regulatory challenges and opportunities in implementing renewable energy projects in rural India,
highlighting the need for supportive policies to foster community engagement and sustainability.
Social, cultural, and participation challenges: 52% of the articles explore the importance of
community involvement and cultural acceptance in energy projects. Sadiq et al. (2023) discuss the
social and cultural barriers to adopting new energy technologies in rural African communities,
emphasising the need for trust and community identity to enhance project sustainability.

Table 5.3 Types of technological innovation in rural energy communities

Sub-types Specific techniques or models 'r?;trlrflbeers Relevant articles
Renewable energy HRES, RET, gasification and gas 19 (Alvial-Palavicino et al., 2011; Coady and
systems and separation, solar PV, hybrid biogas Duquette, 2021; Garner and Dehouche,
technologies and PV systems, off-grid solar PV 2023; Garniwa and Herdiansyah, 2021;
systems, hybrid hydrogen energy Haile et al., 2016; Jenny et al., 2006; Kuno
storage systems, rooftop PV et al., 2023; Mustafa et al., 2022; Nassar
systems, biomass-driven CHP, etc. et al., 2024; Pinpatthanapong et al., 2022;
Quirapas Franco and Taeihagh, 2024;
Rafique et al., 2019; Raimondi et al., 2024;
Roder et al., 2017; Roldan-Porta et al.,
2023; Sadiq et al., 2023; Saez et al., 2023;
Trevisan et al., 2023; Tucho and
Nonhebel, 2017)
Energy management ANN, MDS, MIP, MILP, Genetic 6 (Fina et al., 2019, 2020; Garniwa and
and optimisation algorithm, Discrete event simulation +HUGLDQV\DK -DVL V
models technique, etc. Kishita et al., 2017; Mustafa et al., 2022)
Smart grids and GSM-based communication, 4 (Barbour et al., 2018; Samanta et al.,
energy storage renewable-based smart microgrids, 2021; Smpoukis et al., 2020; Sudhoff et
techniques microgrid operation, etc. al., 2022)
Analytical and business model framework for 5 (Gonzélez et al., 2023; Kansongue et al.,
decision-making tools thermal energy communities, 2022; Marinakis et al., 2020; Okoko et al.,
PESTEL, SWOT, low emissions 2017; Ugwoke et al., 2021)
analysis platform, carbon footprint
evaluation, etc
GIS and spatial ArcGIS tools 4 (Adhikari and Adhikari, 2021; Galang et
analysis al., 2021; Perpiiia et al., 2009; Van
Hoesen and Letendre, 2010)
Integrated and Net-zero multi-energy systems, 7 (Abouaiana and Battisti, 2022; Gaiser and
polygeneration Energy-Water-Food nexus-driven Stroeve, 2014; Janota et al., 2023;
systems polygeneration system, etc. Lugman and Al-Ansari, 2020; Marique and
Reiter, 2014; Sikka et al., 2013;
Sokolnikova et al., 2020)
Environmental and LCA, green business model, etc. 3 (Blanco et al., 2015; Supasri et al., 2020;
resource management Vongchan et al., 2020)
tools
Heat and cooling Rural district heating systems, CHP 1 (Acheilas et al., 2020)
solutions

* Abbreviations: ANN - Artificial Neural Networks; CHP - Combined Heat and Power; GSM - Global System for
Mobile Communications; HRES - Hybrid Renewable Energy System; MDS - Multi-Dimensional Scaling; MIP -
Mixed Integer Programming; MILP - Mixed-Integer Linear program; PESTEL - key external factors (Political,
Economic, Social, Technology, Legal, and Environment); RET - Renewable Energy Technology; SWOT - key
internal factors (Strengths, Weaknesses, Opportunities, Threats).



5.5. Comprehensive review and insights

Building on previous findings, this section explores the evolution of technological lineages within
rural energy communities. Using categorisation results from 86 selected articles, we classified
technological progress into three key stages (Section 5.5.1). We examined these stages to analyse
shifts in community types (Section 5.5.2.1), energy usage (Section 5.5.2.2), and key development
elements (Section 5.5.2.3). Comprehensive correlation and clustering analysis (Section 5.5.3)
identifies emerging patterns and potential breakthroughs to enhance our understanding of rural

energy communities.
5.5.1 Technological innovation stages

In line with the principle of equitable distribution of technological innovations and article numbers,
we have classified all articles into three main stages based on time: Early Stage (60%), Development
Phase (61%), and Advanced Integration (56%). Figure 5.4 (a) demonstrates the trends across three
stages.

5.5.1.1. Early Stage (2004-2010)

3 types of technological innovation were identified in the initial phase, focusing on localised, singular
energy sources like bioenergy and small-scale hydro to address immediate community needs with
available technologies (e.g., GIS for logistics). Early adoption of digital tools was pivotal, as Perpifia
et al. (2009) illustrated with GIS for optimising biomass logistics. Jenny et al. (2006) document
community-regulated solar energy systems in a Cuban village optimised for local needs. Early
experiments in integrating technologies were analysed through Strategic Niche Management
(Romijn et al., 2010), complemented by a GIS-based strategy in Vermont, USA (Van Hoesen and
Letendre, 2010). These studies highlight the initial focus on solutions to meet localised energy

requirements, setting the stage for more complex integrations.

5.5.1.2. Development Phase (2011-2017)

11 types were documented in 18 articles in this phase. A significant shift from localised energy
sources to sophisticated, integrated systems utilising a blend of renewable energies, advanced smart
grid technologies, and comprehensive energy management models. The renewable energy systems
and technologies (4 types) were explored in (Roder et al., 2017; Tucho and Nonhebel, 2017),
showcasing ground-breaking bioenergy integration from sugarcane residues and a combined biogas
and solar energy system in rural South Africa and Ethiopia, respectively. The energy management
and optimisation models (2 types) were detailed in Kishita et al. (2017) and Pérez-Fortes et al. (2012),

emphasising the application of discrete event simulation techniques and the design of regional



biomass energy networks, marking a transition to more sophisticated management strategies. The
analytical and decision-making tools (1 type) used by Okoko et al. (2017) assessed the carbon
footprint of biomass energy solutions. The integrated and polygeneration systems (3 types) were
featured distinctly, demonstrating the application of smart grid technologies and the integration of
energy systems at the community level to optimise energy use and reduce environmental impacts
(Gaiser and Stroeve, 2014; Marique and Reiter, 2014; Sikka et al.,, 2013). Additionally, the
environmental and resource management tools were highlighted by Romijn et al. (2010), focusing
on the environmental assessments of community energy projects. These diverse studies collectively
illustrate a significant evolution from localised solutions to integrated systems, emphasising
sustainability and efficiency in rural energy frameworks.

5.5.1.3. Advanced Integration (2018-2024)

During this period, key contributions focused on optimising hybrid systems that combine various
renewable technologies with smart grid capabilities tailored to specific community needs and
environmental goals. This stage is documented in 63 articles covering 35 types of innovations:

Renewable energy systems and technologies were crucial, with 14 innovations highlighted. For
example, Halama (2022) discusses the integration of a hybrid system combining biogas and PVs in
rural areas, while Nassar et al. (2024) details the development of HRES featuring a parabolic dish
solar concentrator and biomass digester in Libya. These systems signify a move towards versatile,
robust energy solutions that sustainably support rural communities. Additionally, energy
management and optimisation models (6 types) have advanced, as seen in (Smpoukis et al., 2020),
exploring strategic bidding in energy islands to optimise renewable energy usage and minimise costs,
and Fina et al. (2019), focusing on maximising PV system profitability using mixed-integer linear
optimisation. Advanced Al techniques, e.g., neural networks (ANN) (Mustafa et al., 2022) and multi-
dimensional scaling (MDS)(Garniwa and Herdiansyah, 2021), further demonstrate the application of
deep learning tools in modelling decentralised hybrid energy systems.

Further contributions include the integration of smart grids and energy storage systems (4 types),
with Barbour et al. (2018) examining community energy storage within smart grids, providing an in-
depth analysis of battery economics and grid compatibility. Analytical and decision-making tools are
also prominent, as illustrated by Kansongue et al. (2022), which employs PESTEL and SWOT
analyses to assess the impact of renewable energy development, focusing on solar power strategies
in Togo. Complex GIS and spatial analysis technologies are essential in optimising rural energy
programs, as demonstrated in (Adhikari and Adhikari, 2021; Galang et al., 2021). Integrated and
polygeneration systems, e.g., net-zero multi-energy systems (Sokolnikova et al., 2020) and

agrivoltaic systems in the Mediterranean region, highlight the potential for diverse energy solutions



(Abouaiana and Battisti, 2022). Environmental and resource management tools, exemplified by
Supasri et al. (2020), use of LCA tools for maize cultivation and biomass utilisation in northern
Thailand, and heat and cooling solutions like the geothermal source for district heating discussed by
Acheilas et al. (2020), demonstrate the comprehensive approach to sustainable energy development.
Collectively, these studies emphasise the transition towards integrated and sustainable energy
systems, significantly enhancing the adaptability and sustainability of rural energy communities in

the face of evolving environmental and social challenges.

Across three stages, a discernible progression can be inspected, from basic installations to complex
and integrated systems. This evolution addresses diverse technological requirements and

significantly bolsters community sustainability and adaptability.

Fig. 5.4. Technological and developmental evolution of energy communities: (a) Stages of
technological development, (b) Country status of research across three stages, (c) Rural energy
community type at Early Stage, (d) Community type at Development Phase, (€) Community type at
Advanced Integration stage, (f) Key benefits of developing energy communities across three stages,
(g) Crucial elements of developing energy communities across three stages, (h) Transformation of
alternative energy and bioenergy usage across three stages, (i) Specific energy uses (between



renewable energy and bioenergy/biomass) at Early Stage, (j) Specific energy uses at Development
Phase, (k) Specific energy uses at Advanced Integration.

Note: (a) shows the progression of technological innovations dominated by renewable energy
systems and energy management models. The right axis indicates the number of articles. (b)
indicates similar numbers of articles from developed and developing countries, with developing
countries focusing more on rural energy communities during the development phase. (c), (d) and (e)
show combined community types emerging in the development phase, with RECs dominating the
advanced stage, unlike the early stage where CECs were prevalent. (f) highlights decreasing
benefits from technological innovations over time while regulatory support grows. (g) shows
environmental considerations becoming as significant as economic factors. (h) illustrates diversified
energy types, with renewable energy central and bioenergy/biomass gaining prominence, especially
during development. Advanced integration features smart grids and advanced energy management.
M, (), and (k) depict diversified renewable energy types, with nearly half using solar power.
Bioenergy/biomass use remains steady, and agricultural bioenergy from by-products and residues
increases, supporting rural energy communities.

5.5.2. Transformation of rural energy communities across three stages
5.5.2.1. Rural energy community types

Different energy community types are structured across three stages, as depicted in Fig 5.4 (c), (d),
and (e). This global shift towards sustainable, integrated energy solutions provides valuable lessons
for future research, policy development, and implementation strategies.

In Early Stage, a pronounced focus on CECs, with 60% of the studies are centred on developed
countries (Fig. 5.4 (b)). This reflects an early emphasis on fostering community participation and
engagement in energy projects, with developed countries leading initial efforts and investments. For
example, in the US, Van Hoesen and Letendre (2010) evaluate the potential for renewable energy
resources using a GIS-based approach, highlighting community involvement and innovative
technology in early-stage rural energy planning. RECs, only Perpifia et al. (2009) from Spain discuss
the optimisation of REC planning.

In Development Phase, the representation of developing countries increases to 56% of the articles.
This phase broadens the types of energy communities, with a significant representation of RECs
(28%) and CECs (61%). This diversification reflects growing global interest in sustainable energy
solutions. For instance, Pérez-Fortes et al. (2012) from Ghana discuss the design of sustainable bio-
based networks for electricity generation in villages, highlighting efforts in developing countries.
Heaslip et al. (2016) from Denmark and Ireland assess frameworks for developing sustainable
energy communities in rural areas. Additionally, Romijn et al. (2010) from Canada focus on both
types, illustrating the integration of renewable energy and citizen participation in addressing local
challenges.

For Advanced Integration, RECs dominate the landscape (62%), with both developed (54%) and
developing (51%) countries contributing equally. This stage reflects a shift towards comprehensive

renewable energy solutions, with an increased presence of integrated R/CECs (24%). For instance,



Raimondi et al. (2024) from Spain assess combined renewable energy production and agricultural

biomass, demonstrating advanced integration of renewable technologies in RECs. -DVL VNL HW D
(2024) from Poland analysed the economic viability of energy cooperatives transitioning from net-

billing to net-metering. Martens (2022) from Germany investigates the success conditions for rural

energy community cooperatives. Additionally, Nassar et al. (2024) from Libya presents a case study

on a hybrid energy system, offering insights into flexible energy solutions for unique local challenges.

This stage is marked by a global movement towards sustainable and integrated energy solutions,

combining the strengths of RECs and CECs to achieve greater resilience and sustainability.

5.5.2.2. Energy usage

The trends and shifts in energy use across three stages are demonstrated in Fig. 5.4 (h). The
exploration of renewable energy (40%) was initially focused on solar (2 articles) and wind energy (1).
Articles like (Van Hoesen and Letendre, 2010) emphasised preliminary assessments and feasibility
studies for these technologies. Bioenergy/biomass (80%) garnered significant interest, with 4 out of
5 articles addressing various forms of bioenergy, including direct biofuel (1), biomass products like
biogas and biodiesel (1), bioenergy for electricity generation (1), and agricultural bioenergy (1).
Additionally, there was minimal interest in smart grids (1), reflecting early recognition of the need for
advanced energy management systems.

Development phase saw growth and diversification in energy research. Renewable energy (33%)
focused on solar energy (3 articles) and other sources. Gaiser and Stroeve (2014) explored solar
power integration in community settings. Bioenergy/biomass (67%) maintained a strong presence,
particularly in agricultural bioenergy (8). Roder et al. (2017) investigated the integration of agricultural
residues into bioenergy systems. Interest in smart grids/advanced energy management grew (3),
with Shabdin and Padfield (2017) highlighting their role in sustainable energy transitions in rural
areas.

The stage of Advanced Integration represents a period of maturity and widespread adoption of
diverse energy technologies and energy sources. For renewable energy (62%), solar energy (25
articles) continued to dominate, underscoring its critical role in renewable energy adoption. The
studies explored the technological advancements and the socio-economic impacts of solar energy
integration. For example, Raimondi et al. (2024) examined the combined use of solar and bioenergy
technologies for comprehensive energy solutions. Although the overall focus on bioenergy (41%)
decreased compared to the earlier stages, it remained significant (26), especially in the context of
bioenergy for electricity generation (7) and agricultural bioenergy (11). Studies like (Coady and
Duquette, 2021) provided insights into the practical applications and benefits of bioenergy systems
in rural areas. For the smart grids/advanced energy management (30%), this period saw a

substantial increase in research on smart grids, emphasising their importance in modern energy



systems. Samanta et al. (2021) highlighted the advancements in microgrid technology and its role

in enhancing energy management and distribution efficiency.

5.5.2.3. Crucial elements in development

Rural energy communities play a transformative role across different stages of benefits (Fig. 5.4 (f)),
building upon the crucial foundations (Fig. 5.4 (g)) laid by their predecessors. Efforts are nascent
and experimental at Early Stage, with modest environmental benefits (40% of articles) and economic
focus (60%) aimed at establishing viability, while energy/grid efficiency is minimal (20%) and social
engagement begins to emerge (60%). In Development Phase, coverage increases significantly
across all areas, with environmental and economic aspects both seeing heightened activity (61%)
and improved energy/grid efficiency (22%), alongside robust social engagement (61%) essential for
sustaining initiatives. Advanced integration showcases sophisticated environmental strategies (59%)
and substantial economic focus (52%) despite reduced efficacy due to complex challenges;
energy/grid efficiency efforts remain substantial but lag in performance (16%), and social dynamics
grow more complex (43%) due to broader impact and diverse stakeholder interests.

To benefit from the development of rural energy communities, crucial elements can be focused on

as Fig. 5.4 (g) illustrates:

The Early Stage sets the groundwork, primarily focusing on technological innovation (3 articles, 60%,
in Section 4.1). The regulatory compliance and support are notably absent, suggesting initial
regulatory gaps or oversight challenges. However, resilience and adaptability (40%) begin to be
addressed, anticipating the need for long-term sustainability. The scalability and replicability are also
considered (2, 40%), though still at a foundational level.

During the Development Phase, there was a notable enhancement in all areas. Technological
Innovation continues to be emphasised (11, 61%) as technologies mature. Regulatory compliance
and support gain some attention (6%), reflecting emerging recognition of the need for supportive
regulatory frameworks. The resilience and adaptability see a significant jump (61%), crucial for
energy communities to adapt to evolving environmental and market conditions. The scalability and
replicability increase substantially (78%), preparing the groundwork for broader deployment.

In the Advanced Integration Stage, all elements are significantly advanced. Technological Innovation
is high (35, 56%). Regulatory compliance and support see more focus (30%), crucial as these
communities interact more significantly with national energy policies and market regulations.
Resilience and adaptability are paramount (84%), with a high focus reflecting the need for robust
and flexible systems capable of withstanding various challenges. The scalability and replicability
reach essential levels (81%), demonstrating readiness for widespread adoption and signalling that

energy communities are poised for a significant role in future energy landscapes.



5.5.3. Correlations and clustering analysis across three stages

The analysis provided key insights into how articles in each secondary category (Table S3)
addressed other subcategories. Pairwise comparisons enabled a correlation and clustering analysis,
exploring thematic interrelations within energy community research. The study also examined three
stages: Early Stage, Development Phase, and Advanced Integration, showing the evolution of

research themes and their relationships.

Fig. 5.5 Clustering heat maps of correlations among secondary categories for all stages. Correlation
coefficients (R?) are calculated using the Complete Linkage method with Euclidean distances. Tags
correspond to secondary categories in Table S5.3, with separate stage maps in Fig. S5.1

5.5.3.1. Cluster prioritisation for rural energy community development

The correlation analyses for all stages are presented in Fig 5.5. The development of rural energy
communities relies heavily on 27 highly correlated factors with R2>0.80. Notably, resilience and
adaptability exhibit a strong relationship with scalability and replicability (R2=0.97), highlighting the
importance of adaptable solutions that can be scaled and replicated in different contexts. Similarly,
scalability and replicability are closely linked with technological innovations (R2=0.92), indicating that
technological advancements are key to expanding these energy solutions.

Economic benefits are also strongly associated with scalability and replicability (R2=0.91),

suggesting that scalable models yield significant economic returns. Social benefits show a high



correlation with social, cultural, and participation challenges (R2=0.90) and the types of CECs
(R2=0.90), underscoring the importance of addressing social factors and community participation.
Furthermore, environmental and resource sustainability is highly correlated with the use of
bioenergy/biomass (R2=0.86) and is influenced by social and cultural challenges (R2=0.85), as well
as energy access and biomass utilisation (R2=0.84).

Conversely, 21 areas with low correlations (R2<0.25) indicate less impact on rural energy community
development. Non-R/CECs show a minimal correlation with regulatory compliance and support
(R?=0.10), and community engagement has a low correlation with the integration of agricultural
practices (R2=0.10). Integration of agricultural practices with renewable energy (excluding biomass)
also shows a low correlation (R?=0.12), as does the relationship between smart grids/advanced
energy management systems and agricultural practices (R?=0.12). Other areas with low correlations
include the relationship between renewable energy system development and socio-economic impact
and regulatory analysis (R2=0.19), community engagement and sustainability (R2=0.18), techno-
economic and infrastructure feasibility (R2=0.22), and renewable energy excluding biomass
(R?=0.26). The socio-economic impact and regulatory analysis correlate poorly with environmental
and resource sustainability (R2=0.21). All high and low correlation pairs have been recorded in Table
S5.4.

Using complete linkage with Euclidean distance, we conducted hierarchical clustering to explore
relationships between secondary categories (Fig. S5.4). Prioritising clusters based on mean
correlations ( %8) ensures the most cohesive themes are addressed first, leading to effective and
sustainable rural energy community development (Table 5.4).

Cluster 1: Technological feasibility and economic benefits. This cluster emphasises the importance
of resilience, scalability, and technological innovations for implementing energy systems in rural
communities. It highlights the need for adaptable systems and understanding RECs, ensuring
economic benefits for sustainability and local growth.

Cluster 2: Environmental and resource sustainability highlights the importance of managing
resources in rural energy development. Bioenergy and biomass are vital for energy access in
developing countries. Emphasising environmental benefits and addressing technical challenges is
crucial for sustainable practices. This cluster underscores the need for adaptable, eco-friendly
energy solutions to ensure sustainable development.

Cluster 3: Socio-economic and regulatory frameworks play a critical role in developing rural energy
communities. Analysing socio-economic impacts and achieving social benefits foster community
acceptance and participation. This cluster highlights the importance of understanding CECs,
addressing social and cultural challenges, and navigating policy and regulatory issues to support
sustainable energy initiatives.

Cluster 4: Renewable energy systems and smart grids highlight the importance of techno-economic

feasibility and infrastructure. Implementing smart grids modernises rural energy infrastructure, with



insights from developed countries. This cluster emphasises renewable energy systems (excluding
biomass), community engagement, and sustainability, enabling long-term energy solutions and local
stakeholder participation.

Cluster 5: Agricultural integration for independent energy communities shows moderate correlations,
indicating practical local energy solutions. This cluster emphasises integrating agricultural practices
with energy systems, focusing on non-R/CECs for immediate energy access. Harmonising
agricultural needs with energy production ensures practical solutions tailored to independent energy
FRPPXQLWLHVY XQLTXH UHTXLUHPHQWYV

Cluster 6: High yield and efficiency strategy emphasises energy efficiency, regulatory compliance,
and economic challenges. This cluster focuses on optimising system performance and cost-
effectiveness, ensuring regulatory support, and addressing financial challenges for sustainable,
scalable projects. It highlights the need for an enabling regulatory environment and strategies to

overcome financial barriers for long-term rural energy success.

This hierarchical clustering analysis offers an overview of relationships between key categories in
rural energy development. It highlights thematic clusters to guide strategic planning and policy-
making, prioritising cohesive themes for effective, sustainable outcomes. Emphasised areas include
technological feasibility, environmental sustainability, socio-economic and regulatory frameworks,
renewable energy systems, agricultural integration, and efficiency strategies. Integrating these
themes fosters practical, resilient, and scalable energy solutions for local economic growth and
sustainability.



Table 5.4 Prioritised clustering of categories

Clustering with priority Category Corr(e(l)/%;uon Description
6.3. with resilience and adaptability
Cluster 1 6.4. with scalability and replicability Focusing on technological feasibility and
Technological feasibility and 6.1. with technological innovations 0.89 economic benefits ensures resilient, scalable,
economic benefits 3.1. types of RECs and viable energy solutions.
5.2. economic benefits
0.3. for environmental and resource sustainability
2.2. use of bioenergy/biomass . ) . .
Cluster 2 0.5. for energy access and biomass energy utilisation Addressing environmental sustainability and
Environmental and resource 5 1. environmental benefits 0.77 resource management advances rural energy
sustainability 4.2. in developing countries solutions.
7.2. technical and infrastructure challenges
0.2. for socio-economic impact and regulatory analysis
5.4. social benefits ) . ]
Cluster 3 3.2. types of CECs Focusing on socio-economic and regulatory
Socio-economic and regulatory 7 4 social, cultural, and participation challenges 0.76 factors ensures community acceptance and
frameworks 1.1. focus on rural energy development policy support.
7.3. policy and regulatory challenges
0.4. for techno-economic and infrastructure feasibility
exploration
0.1. for renewable energy system development o ] ]
Cluster 4 2.3. app"cation of smart grids/advanced energy PrlOfltlSlng this cluster modernises rural
Renewable energy systems and management 0.69 energy infrastructure and engages
smart grids 4.1. in developed countries communities.
1.2. focus on community engagement and sustainability
2.1. use of renewable energy (excluding biomass)
Cluster 5 1.3. focus on the integration of agricultural practices _ )
Agricultural integration for 3.4. non-R/CECs 0.61 Moderate (_:orrelat|0ns suggest practical
. - energy solutions for local agriculture.
independent energy communities
Cluster 6 5.3. energy/grid efficiencies Lower cohesion, but energy efficiency,
6.2. with regulatory compliance and support 0.43 regulatory compliance, and economic

High yield and efficiency strategy

7.1.

economic and financial challenges

challenges are crucial.




5.5.3.2. Key themes and clustering across three stages

Fig. S5.1 shows correlations and clustering among secondary categories across three stages. The

clusters, detailed in Table 5.5, highlight distinct features at each stage, offering insights into the

ILHOGYVY HYROXWLRQ DQG

Table 5.5 Key themes and cluster characteristics in different stages

IXWXUH UHVHDUFK GLUHFWLRQV

Cluster with - Research
Stage tags Description (Key themes) Impacts Implications
gé gé %g’ Social and economjc benefits, specific REC
64 41 52 types, and economic challenges. .
53 75 11 _ Immediate Locally
Early 54 4o g3  Ruralenergy development, technical energy adaptable,
Stage 0'3" 6.1” 3'2" feas_,|b|I|ty, er_mronmental sustainability, and needs, cost- flnqnmally
o1 7" social benefits. effleC_tlve vllable
7.4.,3.4.,0.2, Socio-economic impacts, community solutions solutions
5.1,04.,6.2, engagement, regulatory challenges, and
1.2.,7.3. renewable energy system development.
0.2,05.,1.1,,
‘21% 2% gi Socio-economic impa_cts, _regulat(_)ry
5'2" 5'4" 6.1.’ challenggs, technological innovations, and
63 6:4:: 72 community engagement. Structured Requlator
7.3., 74. approaches, sgpport g
Development Renewable energy systems development, financial socio-
Phase 1.2.,2.1., 2.3. environmental sustainability, and technical viability, economic
feasibility. community impacts focus
0.1.,0.3., 04 : . . participation
1_3_' 3_4_’ 5_3_’ Integration of {igncultural practices, energy
6.2., k ' access, and biomass energy utilisation.
7.1. (Isolated) Economic and financial challenges.
13 292 34 Specific RECs types, bioenergy/biomass
e utilisation, and agricultural integration.
03. 05. 5.1 Ren_ewable energy system development,
5'3" 25" environmental benefits, and regulatory Holistic
o Comp|lance. approach,
02 11. 3.2 Socio-economic impacts, community Advanced advanced
Advanced U2 Z2n 920 annagement, and advanced energy technologies, technologies
|ntegrat|on 54. 7.4. management. SUStalnabl“ty robust !
0.1.,04.,1.2., practices regulatory
2.1.,23., 3.1, Technological feasibility, economic benefits, frameworks
4.1.,5.2.,6.1,, and various REC types.
6.2.,7.1.
42.,6.3.,6.4, Rural energy development, scalability, and
7.3. resilience.

The early stage focused on social and economic benefits, energy access, and biomass utilisation,

integrating agriculture for cost-effective solutions while addressing economic and financial

challenges and energy/grid efficiencies. The development phase emphasised financial viability (tag

7.1), socio-economic impacts, regulatory frameworks, and community engagement, recognizing the

importance of CECs. The advanced integration stage highlighted technological innovations, smart



grids, advanced energy management, environmental sustainability, and bioenergy. Throughout all
stages, regulatory compliance and economic challenges underscored the need for advanced
technology and robust regulatory frameworks.

For the key themes, the transition from the Early Stage to Development Phase shifted the research
focus from basic energy access and agricultural integration to socio-economic and regulatory
aspects. The Development Phase emphasised community engagement and the needs of different
CECs. Advanced Integration focused on complex energy solutions, technological feasibility, smart
grids, advanced energy management, and environmental sustainability, particularly bioenergy and
biomass. Across all stages, economic and financial challenges, regulatory compliance, and
technological feasibility remained critical. Early stages addressed immediate solutions, while later
stages focused on advanced strategies, highlighting the need for adaptive research responsive to
rural HQHUJ\ FRPPXQLWLHVYT HYROYLQJ QHHGV

5.5.4. Future directions
There, four future research directions can be inferred:

Addressing economic and financial challenges are highlighted across development stages (Cluster
6, Section 5.5.3.1.), crucial for the success of rural energy initiatives. Future research should develop
economically viable models, exploring innovative financing mechanisms, e.g., community funding,
public-private partnerships, and subsidies to reduce financial barriers. Additionally, investigating the
long-term economic impacts of energy projects will clarify their benefits and sustainability.
Enhancing regulatory compliance and support are crucial, especially in Advanced Integration. Based
on the analysis in Sections 5.5.1.3. and 5.5.2.3., future research should develop frameworks to
streamline regulatory processes and provide clear guidelines for energy project implementation.
Studying best practices from different regions and engaging policymakers to advocate for supportive
regulations will foster an enabling environment for sustainable energy solutions.

Optimising technological innovations and smart grids are required further research for rural
applications. This includes developing cost-effective hybrid systems, integrating renewable energy
sources, and using Al for predictive maintenance and energy optimisation to improve system
performance and reliability (discussed in Development Phase and Advanced Integration).
Enhancing community engagement and participation are crucial for sustaining initiatives and
ensuring support, as Section 5.5.2.1. discussed. Research should investigate effective community
governance models and ensure equitable benefit distribution. Studying successful community-led
energy projects and involving communities in planning and implementation will foster ownership and

increase project sustainability.



5.6. Conclusion

Our extensive review has highlighted the key drivers and enablers for developing sustainable energy
communities in rural areas. We identified critical elements by examining technological evolution,
regulatory frameworks, and socio-economic impacts, e.g., supportive regulatory frameworks,
innovative financing mechanisms, and robust community participation (Sections 5.4.3., 5.4.4., and
5.5.1). These factors have been pivotal in achieving significant environmental and economic benefits,
including reduced CO ¢ emissions, lower energy costs, and job creation, contributing to local
economic growth and sustainability (Section 5.4.4).

Emerging trends and innovative practices are shaping the future of rural energy communities. The
shift from standalone solutions to integrated systems highlights the importance of continuous
innovation and community engagement (Section 5.5.3). Technological advancements, especially in
smart grids and Al-driven energy management, have enhanced system reliability and efficiency
(Sections 5.5.2. and 5.5.3). Integrating renewable energy with advanced management systems has
optimised energy use and improved grid stability, while socio-economic impacts and community
engagement have ensured sustainability and acceptance (Sections 5.5.1. and 5.5.3). Incorporating
agricultural practices has enhanced sustainability and energy production by using agricultural
residues as bioenergy sources, fostering environmental sustainability and waste management
(Sections 5.5.1. and 5.5.3). Developing hybrid systems combining bioenergy with other renewable
sources has improved energy efficiency and reliability, supporting economic viability (Section 5.5.3).
Our study provides valuable insights into the technological advancements and new approaches
shaping rural energy communities, highlighting their evolution (Section 5.5.2).

While our review provides a comprehensive analysis of rural sustainable energy communities, it is
limited by the study locations and rapid technological changes. Future research should include
diverse global rural settings and the latest technological advancements. Examining long-term socio-

economic impacts and adaptability will offer deeper insights into sustainability and scalability.
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-DQRWD [/ 9iYURYi . ‘HIHU - .QiSHN SOHUPBIWKRGRORXBRRU R

ORFDO HQHUJ\ VXSSO\ DQG RYHUDOO UHVLOLHQFH RI UXWIMX DUH
OLVFDQWKXV [ JLJDQWHXV SODQWDWLRQ ZLWKL®HSXEOHLGH B HQFR

(QHUJ\

-DVL VNL - .R]JDNLHZLF] 0 G6RAW\VLN 0 7K HDHVIHYFIWVL R B DU DY
RQ WKH FDSDFLW\ PDUNHW (QHUJLHV

-DVL VNL - .R]DNLHZLF] 0 B6RAW\VLN O ®GRAWVAL D RG W KDIE(
RI OLJUDWLQJ IURP 1HW %LOOLQJ WR 1HW OHWHULQJ 8VLQJ (QHUJ
“HQQ\ $ 'tD] /ySH] -5 ORVOHU + - +R XV HKR® G/ RFLIDDJ \

RUJDQLVDWLRQ IRU RSWLPDO HQHUJ\ PDQDJHPHQW LQ D PXO
3KRWRYROWDLFV 5HV $SSO

.DQGHO 3 &KDSDJDLQ 36 6KDUPD /&E&RQYNWHWNRQ 3DWWHUQV R
LQ 5XUDO +RXVHKROGV RI 'RODNKD 'LVWULFW 1HS®\OH b H URKPW L F
6PDOO VFDOH )RU

.DQVRQJXH 1 1MXJXQD - 9HUWLJDQV 6 $ BQOQIVDR Y GR 6
UHQHZDEOH HQHUJ\ GHYHORSPHQW LQ 7RJR )JURQW 6XVWDLQ
.LVKLWD < 1DNDWVXND 1 $NDPDWVX ) 6 FH @D LALR B\D\O \
HQHUJ\ EXVLQHVVHV 7KH FDVH VWXG\ RI D -DSDQHVH UXUDO FR

XQR $ . %HJQD 1 OHEUDWX ) $ IHEDMH® LRV JUQBO U
HOHFWULILFDWLRQ IRU D SDVWRUDO VHWWOHPHQW LQ (WKLRSLD
/L - &KHQ & ) :DOJHP $ 1HOVRQ + BXRDAV KU VHQVMHWRIRBR
([SORULQJ WKH VRFLDO SV\FKRORJLFDO LQIOXHQFH RI KRXVHKR
(QHUJ\ 5HVHDUFK DQG 6RFLDO 6FLHQFH

/ILQJ = &XL < =KHQJ - *XR < &DL *D@KHQ ; <XNMQJQ RSWLPI
DQG FRPSDUDWLYH DQDO\VLV RI UHQHZDEOH HQHHY\ DMQWWMBPFE
DUHDV RI FKLQD ZKHQ FRQVLGHULQJ HQYLURQPHQWDLWDQG HFRQ
JLX + 2X : <XDQ - <DQ : ([SHULBQFRIID R I SRR G REIQQ Y O DINZX
SHVRXUFHV &RQVHUYDWLRQ DQG 5HF\FOLQJ

JLX = 'HQJ = +H * :DQJ + =KDQJ :J /LQ - &KDROHQDBV L
RSSRUWXQLWLHV IRU FDUERQ QHXWUDOLW\ LQ &KLQD 1DW 5HY
IXTPDQ 0 $0 $QVDUL 7 7KHUPRG\QDPLF DQDQXWLWRIXPQ ((
GULYHQ SRO\VJHQHUDWLRQ V\VWHP DSSOLHG WR FRDVWDO FRPPXC
0DJQDQL 1 &LWWDWL 90 &RPELQLG@H WRIE BGREWROHFKQ
,PDJLQDULHV LQ WKH 6WXG\ Rl &RPPXQLW\ (QHUJ\ (QHUJLHV
ODULQDNLV 9 )ODPRV $ 6WDPWVLV * *HRUJL]DV , 70 @il DRAL
WRZDUGV DQG FKDOOHQJHV RI JUHHFHTV SRVW OLJQLWH HUD 7KF

ODULTXH $ ) OS5HLWHU 6 $ VLPSOLILH®VYUPPGIZWUR IWRURV MR Y
QHLIKERXUKRRG FRPPXQLW\ VFDOH (QHUJ\ %XLOG

ODUWHQV . ,QYHVWLIDWLQJ VXEQDWLRQDO VXFFHMV FRQ(
FRPPXQLW\ FRRSHUDWLYHV (QHUJ\ 3ROLF\

OXKR]D & -RKQVRQ 2 : ([SORULQJ KRXVHKRLCDE HIOMH UUR RV WIK(
XVHU SHUVSHFWLYH (QHUJ\ 3ROLF\

OXVWDID - $OPHKPDGL ) $ $OTDHG O6XLGEDQLIBX®&XVONDLQDBE®

&RPPXQLW\ 'HVLJQ DQG ,QWHJUDWH 9DULDE O B X3HDQH ZRP® M QIQM U
6XVWDLQDELOLW\

1DQVDLRU $ 3DWDQRWKDL $ 5DPER $ 7 QGLPDWIDMNVRB ELRP DVKRH
DFTXLVLWLRQ E\ KRXVHKROGYV LQ XUEDQL]JLQJ FRPPXQLWLHNV LQ

1IDUGR O 6DLVDQD O 6DOWHOOL $ 7DUDQWROD 6 +DPRIGERR NS
FRQVWUXFWLQJ FRPSRVLWH LQGLFDWRUV PHWKRGRORJ\ DQG XVl



1DVVDU <) (O NKRJRQGDU + - $KPHMH®G 0 0$0VXKDKRIR®GDKDG -
$ QHZ GHVLJQ IRU D EXLOW LQ K\EULG HQHUJ\ VWRWH P Q%D E/IDREEHR@H.
3'6& %* $ FDVH VWXG\ = /LE\D - &OHDQ 3URG
1IHPDWFKRXD 0. ODULH 5HLQH 1LVKLPZH $ GSHIOVHUBUR HQHUJ
UHVLGHQWLDO QHLJKERXUKRRGV LQ WKH (XURSHDQ 8QLRQ $ FDV
5HY

2EDO 70 GH 6RX]D -7 GH -HVXV 5 + * GH RUDOFQAXFWRHY &$ FO
DOJRULWKP WR LGHQWLI\ SRWHQWLDO SDUWQHUVKLKOWWEHNHWZHHQ

2NRNR $ 5HLQKDUG - YRQ 'DFK 6 : X®PK & (KWHPWHSHUIRZ $
7KH FDUERQ IRRWSULQWYV Rl DOWHUQDWLYH YDOXH FKDRQ® IRU
7DQ]DQLD 6XVWDLQDEOH (QHUJ\ 7THFKQRORJLHV DQG $VVHVVPHQV
3DJH 0 - OF.HQJLH - ( %RVVX\W 30 %RREWODRRZ ,& +RBRDRH HL
7HW]ODIlI -0 $NO ($ %UHQQDQ 6 ( HP H®W 3B @ 0SS G D WA WX
IRU UHSRUWLQJ VIVWHPDWLF UHYLHZV EPM

3pUH] )RUWHV 0 /DtQH] $JXLUUH -0 $8XDIMDBQHUD/ 3 9HGORVL(
UHJLRQDO DQG VXVWDLQDEOH ELR EDVHG QHW ZR URNEW HRFUNH ® H FOW/L:
DSSURDFK (QHUJ\

3HUSLXxi & $OIRQVR ' 3pUH] IDYDUUR & &HXGBOYRBRV (5 9DUJ
OHWKRGRORJ\ EDVHG RQ *HRJUDSKLF ,QIRUPDWLRQ B6\WWHPV IR
RSWLPLVDWLRQ 5HQHZ (QHUJ\

3LQSDWWKDQDSRQJ . %RRQQRUDW - *ODQSUDFKD%LRJIDBDQJ
SURGXFWLRQ E\ FR GLJHVWLRQ RI VRGLXP K\GUR[LGH SIRHWUHD
FRPPXQLW\ VXVWDLQDELOLW\ (QHUJ\ 6RXUFHV 5HFRYHU\ 8WLO ((
35,60% 35,60% KWWSV ZZZ SULVPD VWDWHWFHYWHRUJ $8UL

4XLUDSDV )UDQFR 0 $ - 7DHLKDJK $ 6 X VWR WU QUDXEUDHD HIQUHH.DI
FRPSDUDWLYH FDVH SHUVSHFWLYH IURP WKH 3KLOLSSLQHV (QHU
5DILTXH 0 0 %DKDLGDUDK + 06 $QZDU 0 VHFWR UQDEGIVWP S QN
JULG HOHFWULILFDWLRQ IRU FOHDQHU SURGXFWLRQ HMHFWILFDER \BH
- &0HDQ 3URG

5DILTXH 00 5HKPDQ 6 S$OKHPV /0 'HYHORSEQH VLR Bl HHHM
$ FDVH VWXG\ IRU FRPPXQLWLHV RI WKH IXWXUH 5HQHZ (QHUJ\
5DLPRQGL * *UHFR * 2QJLV 0 'f$SQWKPORPR* */DQQL 7HF KG®
(FRQRPLFDO $VVHVVPHQW IRU &RPELQHG 3URGXFWLRQ RIDOGURJ
JLJQRFHOOXORVLF $JULFXOWXUDO %LRPDVV LQ +XHVFD 3URYLQFF
(QHUJ\ &RPPXQLWLHV 5HSRVLWRU\ -RLQLQJ RU 6M@MNQJ &
KWWSV HQHUJ\ FRPPXQLWLHV UHSRULMRWLGF BIXURGS H & K MR FQL
$FFHVVHG $SULO

5KRILWD (, 5DFKPDW 5 OH\HU 0 ORQWDQWOWAV/ RI ELRMIBE\L
YDORUL]DWLRQ DV WKH IXWXUH JUHHQ HQHUJ\ JHQHUDWLRQ LQ ,C
5/GHU 0 6WRO] 1 7KRUQOH\ 3 6ZHHW H@ HWDIW KiZ DA VR HRQL

VXJDUFDQH UHVLGXHV $ FDVH VWXG\ RI 1INRPD]JL 'L\SMQHZW RI
(QHUJ\

5ROGIQ 3RUWD & 5ROGIQ %OD\ & 'DVt &UHVSR2ZSWLREVLYJ O/ BALL
DQG 3KRWRYROWDLF +\EULG 6\WVWHP IRU 6XVWDLQDEOHQREMU 6X
6ZLW]HUODQG

5RPLMQ + 5DYHQ 5 GH 9LVVHU |, % L RIXD\WD\O HQ B UD\ HYP ¥ HIK
OHDUQLQJ EDVHG GHYHORSPHQW DSSURDFKHV DQG OHVUYRQV IRU
6FL 3ROLF\

5R\ 3 'XWWD $ *DOODQW - +\GURWKHUPD® KBDWERRHRXW
ELRPDVV PLVFDQWKXV $ SRWHQWLDO URXWH IRU ELRHQHUJ\ (Q
6DGLT O .RNFKDQJ 3 .LWWLSRQJYLVHV 6 U HQXN 2\CDH.@HD SIROZLE

JHQHUDWLRQ V\VWHPV IRU VFDOH HQDFWPHQW LQ RIlI JULG FRPP

6DH] 5 %RHU ' 6KRER $ % 9poOOqV O \VLV/HRAKOR HERQWR DK



SKRWRYROWDLFV LQ 6SDLQ 5HQHZDEOH 6XVWDLQDEOH (QHUJ\ 5H

6DPDQWD + 'DV $ %RVH , -DQD - %KDWWDDBHKDIXEMWHD % %RER
+ J)LHOG YDOLGDWHG FRPPXQLFDWLRQ V\VWHPNPHQWVPQ WV
UXUDO PLFURJULG FOXVWHU (QHUJLHV

6KDEGLQ 1 + 3DGILHOG 5 6XVWDLQDEORRERUHQ IV W DRXY LL\W

6DUDZDN &KHP (QJ 7UDQV

BKDK .1 $.$%$ <XVRS 0=0 G5RKDQQUDODI JIDESLGDUWRQR % 7X\I
ODVDNL 7 $KPDG $ 6 5DPOL $ )HD VL E L O5LHA) HIADE®\HR(@ Kol R
LQ ODOD\VLD ,QGRQHVLD 9LHWQDP DQG -DSDQ &KHP (QJ 7UDQ\
6KHQ : *DWWR 3 3DJOLDFFL ) 8 Q U D QN0 DQ QUD WNKHHIW5R O |
,QVWUXPHQWY $ 6\VWHPDWLF 5HYLHZ RQ JRUHVW &DUERQ OHFKD(
KL = )HUUDUL * $L 3 ODULQHOOR FLDGH]Q¥RHOROLIHQFH BRI
'"HWHFWLRQ 3URGXFWLRQ DQG (QHUJ\ 8VDJH LQ X UDIA5 $HSHSM\VL FH W
6XVWDLQDEOH (QHUJ\ 7THFKQRORJLHV DQG $VVHVVPHQWYV

KL = )HUUDUL * $L 3 ODULQHOBIRHQ HBWH]|SRMRHGWLDO IURP [
SURGXFW LQ $Q $, EDVHG VSDWLDO DQDO\VLYVY DQG FOLPDWH
- &0HDQ 3URG

6LNND O 7KRUQWRQ 7) :RUO 5 6XVWDLQDE OFX B MRALDO/
PRGHOV Rl ZHOOEHLQJ LQ DQ $ODVND IRUHVW HFRV\VWHP (FRO
BPSRXNLV . B6WHULRWLYV . (IWK\PLRSRX®RY 9DUWYDRXMRIORX *
1HWZRUN DQG PDUNHW DZDUH ELGGLQJ WR PD[LPL]HLQRWFQBUI{6
,VODQGV ZLWK ZHDN JULG FRQQHFWLRQV (QHUJLHV
BRNROQLNRYD 3 /RPEDUGL 3 $UHQGDHWNL.UPQKWROGRY ..RPDQY
3 1HW JHUR PXOWL HQHUJ\ VI\VWHPV IRU$ 6ALHEWW K RG@& ORXIN D/OR |
WKHUPDO DQG HOHFWULF VWRUDJH XQLWV 5HQHZ (QHUJ\

6WRODUVNL 0 - 'XG]JLHF 3 JUJWDPQLDN O6RXOEDELRPDVV HQHUJ\

D GHYHORSPHQW RSSRUWXQLW\ IRU UXUDO FRPPXQLWLHV (QHUJI
6XGKRIl 5 6FKUHEN 6 7KLHP 6 1LHVVHQ 6(QHUJ\28&RRDX\QLIONLS
WR 5HGXFH 3RZHU 3HDNV LQ WKH 'LVWULEXWDRQHVYG'LSHYPDO\6
RI 3DUWLFLSDQWY DQG (FRQRPLF %HQHILWYV (QHUJLHV
6XSDVUL 7 ,WVXER 1 *KHHZDOD 6 + 6DPIDWWWJIRBQW RI PDJ
FXOWLYDWLRQ DQG ELRPDVV XWLOL]DWLRQ LQ QRUWKHUQ 7KDLO|
7JUHYLVDQ 5 *KLDQL ( 3LOR ) 5HGINVZDE GRVOWMUYN §RPPYQL
$ *RYHUQDQFH DQG 5HDOLVDWLRQ JUDPHZRUN LQ &RPBOLRBQRMH HV'

7VRHX 1IWRNRDQH 6 ORVDEDOD 7' .DOL 0 XQHWDLWADJILQDUL
SDUWLFLSDWLRQ DQG DFFHSWDQFH Rl UHQHZDEOH HQHUJ\ SU
GHYHORSPHQW ZLWK URFN\ IXQGDPHQWDOV &RJHQW 6RF 6FL
7XFKR *7 1RQKHEHO 6 $OWHUQDWLYH HQ@-ODIIHV KS S(GMKV R/
(QHUJ\ 6XVWDLQDELOLW\ 6RF

8JZRNH % &RUJQDWL 6 3 /HRQH 3 GRUFKUR®CGIRQLLY Vi R @YW DA}
SODWIRUP PRGHO IRU UHQHZDEOH HQHUJ\ &R P P XXQMWD\ L\QFCCEGDHH R8O\
6RF

9DQ +RHVHQ - /HWHQGUH 6 (YDOXDWLQJ SHFWMQWLBDROX 0 W
9HUPRQW $ *,6 EDVHG DSSURDFK WR VXSSRUWLQJH@HZD @QRFRIPIR X ¢

9RQJFKDQ 3 &KRPSXQWK & 3KRRFKLQGD : *UHHQVEPXOVOL@ H \
SRZHU SURGXFHUV LQ 7KDLODQG ,QW - *(20$7(
<L < :X - =XOLDQL ) /DYDJQROR 0,@WHDUWWUEBR I OLIH F\FO

DQG V\VWHP G\QDPLFV PRGHOLQJ IRU HQYLURQPHQWI®D ¥FH QTRUNLE
(QYLURQ



5.8. Supplementary materials

Table S5.1 Search strings used in SCOPUS

(
TITLE-ABS-KEY("energy communities") OR

TITLE-ABS-KEY("energy community") OR
TITLE-ABS-KEY("bioenergy communities") OR
TITLE-ABS-KEY("bioenergy community") OR
TITLE-ABS-KEY("community energy") OR
TITLE-ABS-KEY ("community bioenergy") OR
TITLE-ABS-KEY("community biomass") OR
TITLE-ABS-KEY("biomass energy") AND (TITLE-ABS-KEY ("communitiesQR TITLE-ABS-
KEY ("community")) OR
TITLE-ABS-KEY("energy grid") OR
TITLE-ABS-KEY("energy grids") OR
TITLE-ABS-KEY("smart energy”) OR
TITLE-ABS-KEY("smart energies") OR
TITLE-ABS-KEY("smart power") OR
TITLE-ABS-KEY("smart grid") OR
TITLE-ABS-KEY("smart grids") OR
TITLE-ABS-KEY("smart electricity") OR
TITLE-ABS-KEY ("electric grid") OR
TITLE-ABS-KEY(("electric grids") OR
TITLE-ABS-KEY("heat grid") OR
TITLE-ABS-KEY("heat grids")
) AND
(
TITLE-ABS-KEY(rural) OR
TITLE-ABS-KEY (agricultural) OR
TITLE-ABS-KEY (agriculture) OR
TITLE-ABS-KEY("agrifood") OR
TITLE-ABS-KEY("agri-food") OR
TITLE-ABS-KEY("agrifoods") OR
TITLE-ABS-KEY("agri-foods")
) OR

TITLE-ABS-KEY (livestock) OR
TITLE-ABS-KEY/("husbandry") OR
TITLE-ABS-KEY ("manure") OR
TITLE-ABS-KEY("slurry") OR
TITLE-ABS-KEY("poultry"”) OR
TITLE-ABS-KEY("pig") OR
TITLE-ABS-KEY("swine") OR
TITLE-ABS-KEY("cattle") OR
TITLE-ABS-KEY ("cow") OR
TITLE-ABS-KEY("dairy") OR
TITLE-ABS-KEY("beef") OR
TITLE-ABS-KEY(crop) OR
TITLE-ABS-KEY("crop straw") OR
TITLE-ABS-KEY(("crop straws") OR
TITLE-ABS-KEY(("crop residue™) OR
TITLE-ABS-KEY("straw") OR
TITLE-ABS-KEY("husks") OR
TITLE-ABS-KEY ("agricultural waste") OR
TITLE-ABS-KEY ("agricultural by-product”) OR
TITLE-ABS-KEY("bio-based") OR
TITLE-ABS-KEY ("biomaterial") OR
TITLE-ABS-KEY("biomaterials") OR
TITLE-ABS-KEY("biorefinery") OR
TITLE-ABS-KEY ("biorefineries") OR
TITLE-ABS-KEY ("biorefinering”) OR
TITLE-ABS-KEY ("biorefiner*")

)

AND

(LIMIT-TO(SRCTYPE,"j"))

AND

(LIMIT-TO(DOCTYPE,"ar"))

AND
(LIMIT-TO(LANGUAGE,"English"))




Table S5.2 Key themes and possible keywords defined for location focus

Location
focus

Perspective

Possible keywords

Rural energy
development

Community
engagement
and
sustainability

Integration of
agricultural
practices

Articles on the development,
implementation, and
management of sustainable
energy solutions in rural
settings, emphasising broader
sustainable practices.

Articles examining community
engagement, social practices,
and sustainability in energy
community development,
stressing social dimensions.

Articles on integrating
agricultural practices with energy
projects, including bioenergy
from residues, highlighting
agriculture-energy synergy in
rural areas.

3UXUDO” 3YLOODJH™ B3FRXQWU\VLGI

FRPPXQLW\" 3UXUDO GHYHORSPHQW

SUXUDO VXVWDLQDELOLW\" 3:UXWDLG U

XUEDQ" 3*DJULFXOWXUDO FRPPXQLW\
etc.

SFRPPXQLW\ HQJDJHPHQW  3:*FRPPXQI
VXVWDLQDELOLW\" 3VXVWDLQDEOH C
sSDUWLFLSDWRUYG UENRIRP X QLUD\V V U
HQJDJHPHQW  3VWDNHKROGHU HQJD
IRU VXVWDEPDRERREWNVNHG DSSURDFK
GLPHQVLRQV RI HQHUJ\" H
SDJULFXOWXUDO LQWHBIQBWIRQHI[?
SELRHQHUJ\ IURP DJULFXOWXUDO ZD\
IURP FURSV' 3*HQHUJHBHRSIVV\VDt
3IDJULFXOWXUDO UHVLGXHV IRU HQHU
WR HQHUJ\" 3FURS UHVLGXHYV -pradHcts]
IRU HQHUJ\" 3VXVWDLQDEOH DJULFX
DQG ELRHQHUJ\ LQ D-JUQHF X OWMRIHX Wl
JHQHUDWLRQ IURP DJULFXO\




Table S5.3 Secondary categories and sub-categories with tags

Tag Secondary categories Sub-categories and contents

0.1. for renewable energy system development

0.2. for socio-economic impact and regulatory analysis

0.3.  for environmental and resource sustainability

0.4.  for techno-economic and infrastructure feasibility

exploration

0.5. for energy access and biomass energy utilization

1.1.  focus on rural energy development

1.2. focus on community engagement and sustainability

1.3.  focus on the integration of agricultural practices

2.1.  use of renewable energy (excluding biomass) 2.1.1. solar; 2.1.2. wind; 2.1.3. hydro; 2.1.4. geothermal; and 2.1.5. other renewable energy use.

2.2.  use of bioenergy/biomass 2.2.1. biofuel for direct use; 2.2.2. biomass production (e.g., biogas, biodiesel, etc.); 2.2.3. bioenergy
for electricity generation; 2.2.4. agricultural bioenergy (e.g., agricultural by-products/waste/residues,
food waste, livestock manure, bioenergy crops, forestry, biorefinery, etc.); 2.2.5. other bioenergy
forms.

2.3.  application of smart grids/advanced energy

management

3.1. types of RECs

3.2. types of CECs

3.3.  both types (R/CECs)

3.4. non-R/CECs

4.1. in developed countries

4.2.  in developing countries

5.1. environmental benefits

5.2.  economic benefits

5.3.  energy/grid efficiencies

5.4.  social benefits

6.1.  with technological innovations 6.1.1 renewable energy systems and technologies (e.g., HRES, RET, gasification and gas separation,

solar PV, hybrid biogas and PV system, off-grid solar PV system, hybrid hydrogen energy storage
system, Rooftop PV systems, Biomass-driven combined heat and power (CHP), etc.); 6.1.2. energy
management and optimization models (e.g., ANN, Multi-dimensional scalings (MDS), Mixed integer
programming, Genetic algorithm, MILP, Discrete event simulation technique, etc.); 6.1.3. smart grids
and energy storage techniques (e.g., GSM-based communication, Renewable-based smart
microgrids, Microgrid operatio etc.); 6.1.4. analytical and decision-making tools (e.g., business model
framework for thermal energy communities, PESTEL, SWOT, low emissions analysis platform),
carbon footprint evaluation, etc.); 6.1.5. GIS and spatial analysis; 6.1.6. Integrated and Polygeneration
Systems (e.g., Net-zero multi-energy systems, Energy-Water-Food nexus-driven polygeneration
system, etc.); 6.1.7. environmental and resource management tools (e.g., LCA, green business
model, etc.); 6.1.8. heat and cooling solutions (e.g., rural district heating systems).



6.2.

6.3.
6.4.
7.1.
7.2.

7.3.

7.4.

with regulatory compliance and support

with resilience and adaptability

with scalability and replicability
economic and financial challenges
technical and infrastructure challenges

policy and regulatory challenges

social, cultural, and participation challenges

$GKHUHQFH WR (8 UHJXODWLRQV DQG QDWLRQDO ODZV
3RODQGYV VKLIW I[URP QHW PHWHULQJ WR QHW ELOOLQJ
$GKHUHQFH WR WKH FXUUHQW UHJXODWRU\ I[UDPHZRUN LQ 6
&RPSOLDQFH ZLWK ,WDOLDQ UHJXODWLRQ WUDQVSRVLQJ (XL
$GKHUHQFH WR (XURSHDQ UHJXODWLRQV IRVWHULQJ UHQHZI
(QJDJHPHQW ZLWK QDWLRQDO HQHUJ\ SROLF\ DQG VWUDWHJ
$GKHUHQFH WR (XURSHDQ 5HQHZDEOH (QHUJ\ 'LUHFWLYH 5¢(
,QIOXHQFHG E\ SROLF\ LQVWUXPHQWYVY LQ (XURSHDQ QDWLRQ
,Q UHVSRQVH WR WKH (XURSHDQ &RPPLVVLRQ V UHQHZDEOH
$OLJQPHQW ZLWK WKH FXUUHQW UHJXODWRU\ IUDPHZRWM LQ
'"LUHFWLYH 5(',, DQG LWV XSFRPLQJ UHYLVLRQ 5(' ,,,
fIRFDO VXEVLG\ SURJUDPV IRU UHQHZDEOH HQHUJ\ LQVWDOO
fOHQWLRQ RI *RYHUQPHQW 5HJXODWLRQ 1R RQ QDWLR
fSHIHUHQFH WR 5HJLRQDO /DZ LQ ,WDO\ ZKLFK DFNQRZO
FRPPXQLWLHYV

f(QHUJ\ FRRSHUDWLYHV DQG WKHLU RSHUDWLRQ XQGHU WKH
ZLWK WKH (XURSHDQ *UHHQ 'HDO

f(8 IXLGHOLQHV UHTXLULQJ QHDUO\ JHUR HQHUJ\ EXLOGLQJV
f&RQVWUXFWLQJ D JUHHQ EXVLQHVV PRGHO IRU HOHFWULFLW
VWDNHKROGHUV OLNH JRYHUQPHQW DQG QRQ JRYHUQPHQWD
f*UHHFHYV 1DWLRQDO (QHUJ\ DQG &OLPDWH 30DQ DQG WK HR(X
RI OLJQLWH

f7KH UROH RI JRYHUQPHQW VXEVLGLHV LQ PDNLQJ EL®RHQLDQV&I
f-DSDQYV IHHG LQ WDULII ),7 SURJUDPV

f
f
f
f
f
f
f
f
f
f

7.1.1. financial viability and cost-effectiveness; 7.1.2. economic benefits and profitability issues
7.2.1. technological limitations and the need for advanced solutions; 7.2.2. implementation of
renewable systems and energy transitions

7.3.1.government policies, regulation, and compliance; 7.3.2. supportive policies and institutional
backing.

7.4.1. community participation and engagement; 7.4.2. social acceptance and cultural factors.




Table S5.4 High and low correlation pairs of categories in all stages

Relationship Category 1 Category 2 Corr(er\l%tlon
High 6.3. with resilience and adaptability 6.4. with scalability and replicability 0.97
(ngrs%tgg) 6.4. with scalability and replicability 6.1. with technological innovations 0.92
' 5.2. economic benefits 6.4. with scalability and replicability 0.91
5.4. social benefits 7.4. social, cultural, and participation challenges 0.90
5.4. social benefits 3.2. types of CECs 0.90
3.1. types of RECs 6.4. with scalability and replicability 0.90
5.1. environmental benefits 2.2. use of bioenergy/biomass 0.89
5.2. economic benefits 3.1. types of RECs 0.89
7.4. social, cultural, and participation challenges 3.2. types of CECs 0.89
5.2. economic benefits 6.1. with technological innovations 0.89
5.1. environmental benefits 6.3. with resilience and adaptability 0.88
3.1. types of RECs 6.3. with resilience and adaptability 0.87
1.3. focus on the integration of agricultural practices 2.2. use of bioenergy/biomass 0.87
5.2. economic benefits 6.3. with resilience and adaptability 0.87
5.1. environmental benefits 6.4. with scalability and replicability 0.86
6.3. with resilience and adaptability 6.1. with technological innovations 0.86
0.5. for energy access and biomass energy utilization 2.2. use of bioenergy/biomass 0.86
4.1. in developed countries 3.1. types of RECs 0.86
0.5. for energy access and biomass energy utilization 6.4. with scalability and replicability 0.86
5.1. environmental benefits 0.5. for energy access and biomass energy utilization 0.86
0.5. for energy access and biomass energy utilization 0.3. for environmental and resource sustainability 0.86
0.5. for energy access and biomass energy utilization 6.3. with resilience and adaptability 0.85
1.2. focus on community engagement and sustainability 2.1. use of renewable energy (excluding biomass) 0.84
5.2. economic benefits 4.1. in developed countries 0.83
4.1. in developed countries 6.4. with scalability and replicability 0.83
3.1. types of RECs 6.1. with technological innovations 0.82
0.2. for socio-economic impact and regulatory analysis 3.2. types of CECs 0.81
3.4. non-R/CECs 6.2. with regulatory compliance and support 0.10
1.2. focus on community engagement and sustainability 1.3. focus on the integration of agricultural practices 0.10
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Table S5.5 Category-count matrix with secondary categories across three stages (the data are the
correlation coefficients (R?))
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Fig. S5.1 Clustering heat maps of correlation among secondary categories for (a) Early Stage, (b)
Development Phases, and (c) Advanced Integration.



6. Discussion

7TKH-3" FRQFHSWV SUHVHQWHG LQ &KDSWHU IRUPHGUWWH QU 3P H
technologies and GIS to enhance bioenergy systems.

7TKHVH FRQFHSWYV RULJLQDWHG IURP WKH UHYLHZ RI WHFKWRIQRL1DI
,QWHOOLJHQFH IRU %LRPDVV 'HWHFWLRQ 3URGXFWLRKHWDKG,(QH
methodologies relevant to biomass detection, production, and utilisation were systematically
DQDO\WHG ,Q WKLV &KDSWHU3"WRH) BHBWQGDRIWND PRIEGRUNYV ZDV HV\

x 3BRWHQWLDO HPHUJHG IURP $, GULYHQ VROXWLRQV IRU ELRPDVYV

X 3UHGLFWLRQ ZDV GHYHORSHG WKURXJK IRUHFDVWLQJ PRGHOV D

Xx 3BRVLWLRQ ZDV IRUPHG E\ LQWHJUDWLQJ VS D WLD® XOPGI\ WIRV RZ3. W
UHVRXUFH DOORFDWLRQ

This foundation guided the subsequent research presented in the preliminary conference
proceedings outlined in Chapter 1, which further explored these concepts. The first conference
SUHVHQWDWLRQ 30DSSLQJ 3DGG\ 5LFH IRU % LFemMi@ilu/éyemiow HQW L L
,QGLFHVY" GHHSHQHG WKH LQYHVWLJDWLRQ RI WH & B3NRDN W& WDL\DVCH \
production and distribution of the biomass feedstock, i.e., rice straws. The second conference
SURFHHGLQJ 36\QHUJLVL @gricdltuyaH BY WRFRG OFRVEY IRU %LRHQHUJ\ 3
DGYDQFHG ERWK WKH 33RWHQWLDO" DQG 33UH-@Gabaded/ loRdEcaftRQFHS
bioenergy potential over two decades. These preliminary studies laid the groundwork for Chapters

3 and 4, where the integration of Al-based spatial analysis and GIS-MCDA approaches further

UHILQHG WKH 33UHGLFWLRQ  DQG 33RVLWLRQ  FRQFHSWYV
&KDSWHU 3% LRHQHUJ\ BRWHQVBURG XBWRFR SJQULFXOWKQWOLBEXWHG

ERWK 33RWHQWLDO" DQG 33UHGLFWLRQ " DVSHFWYW IEW\I| KQHIWV WD Q
climate scenarios. This chapter used Al techniques to provide insights into how agricultural by-
products, i.e., crop straws, in a Chinese region, could contribute to bioenergy production in a climate-
constrained future. The transition from detecting bioenergy potential to accurately predicting it was
a natural progression from the insight developed in Chapter 2.

,Q &KDSWHU S3$VVHVVPHQW Rl %LRHQHUMCB®ApQrvdchH B&sBdvh RQ 8VL
Spatio-Temporal Stability Maps of Agricultural and Livestock By-3URGXFW V'’ WKH 33RVLWLF
was explored in detail through the application of GIS and MCDA to optimise the allocation of
suppliers and demand points. This chapter demonstrated how Al-driven predictions from Chapter 3
could be applied in spatial decision-making, ensuring that biogas plants were strategically located to
maximise environmental, social, and economic benefits.

Finally, Chapter 5 integrated the technological advancements and strategic insights from previous
chapters to explore how renewable energy communities can contribute to sustainable development

and energy security in rural areas. This synthesis of technological, environmental, and social factors



XQGHUVFRUHV WKH LQWHUZRNRIQFEIBW X WWHRI WKKHHLY UHOHYDQFH LQ

research questions posted previously.

6.1. Potential: Biomass detection, production, and utilisation

This concept stems primarily from the findings in Chapter 2, where the review of Al technologies was
FULWLFDO LQ GHILQLQJ WKH UROH RI $, LQ ELRPDWXKH B'MMWHF W@
DQG 33URGXFWLRQ™ VHFWLRQV s&keré Kep Bleehbologied thit Caln EKNANKEI)

the identification and optimisation of biomass resources. These technologies, e.g., Artificial Neural

Networks (ANN) and Support Vector Machine/Regression (SVM/SVR), were crucial in improving the

precision of biomass detection, allowing for more accurate estimates of biomass availability across

different landscapes. For instance, Al models have been instrumental in interpreting remote sensing

data, such as satellite imagery, which is fundamental for mapping and quantifying biomass. Random

Forest (RF) and SVM mapping. ANN model, on the other hand, have been shown to predict biomass

yield with high accuracy by analysing a wide range of environmental and agricultural variables. The

integration of such Al models into biomass detection processes not only enhances precision, but

also reduces the time and resources required to assess biomass potential across rural regions.

In addition to detection, Al-driven technologies also play a critical role in optimising biomass
production. As discussed in Chapter 2, Al tools like Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) models help to refine biomass processing operations by optimising
parameters that influence energy output. This ensures that biomass production processes like
gasification and anaerobic digestion (AD) are both energy-efficient and sustainable. These
advancements, outlined in Chapter 2,lay WKH IRXQGDWLRQ IRU XQGHUVWDQGLQJ W
resources in the context of sustainable energy systems.

ORUHRYHU WKH FRQFHSW RI 33RWHQWLDO" ZDW U NV MWXUWHRK YIOUH\NGDY
&KDSWHU SDUWLFXODUO\ LQ WKH FRQIHUHQFH SRHH VX IQRHDMIURQ
Potential Combining Multi-7HPSRUDO 9HJHW D W L\WRak ysedrauftiHaniporalk/égétation

indices, i.e., NDVI, EVI, and LSWI, derived from Sentinel-2 (satellite data) to estimate biomass

feedstock from rice straws. By leveraging satellite data, this work successfully mapped paddy rice

planting areas and quantified their bioenergy potential using Al-driven methods. The results showed

a significant yield potential from rice straws, validating the insights gained from the detection

methods reviewed in Chapter 2.

JXUWKHUPRUH WKH FRQFHSW RI 33RWHQWLD®HKDV EKIHX |EKXMKEW
detection and production models established in earlier chapters by providing an Al-based spatial

analysis of bioenergy production under future climate scenarios. In this chapter, Backpropagation

Neural Networks (BP-ANN) were used to predict the Net Primary Productivity (NPP) values of major

crops in Jianghan Plain, including rice, wheat, and maise. The Al models developed in Chapter 3



allowed for accurate forecasting of biomass yield under various climate change scenarios,
highlighting the critical role of Al in assessing future bioenergy potential. The chapter demonstrates
the progression from detecting bioenergy potential (as discussed in Chapter 2 to predicting future
bioenergy availability (Chapter 3). The spatial analysis presented in Chapter 3 also connects to the
preliminary work on paddy rice, as both rely on advanced tools to predict the sustainability of
bioenergy production in the same study area, but the latter one is under changing climate and
studying on the more complex feedstocks. By 2030, the predictive models in Chapter 3 suggest that
bioenergy potential in the region could reach significant levels, underscoring the importance of Al-
driven approaches in long-term energy planning.

6.2. Prediction: Forecasting and mitigating climate impacts

7KH FRQFHSW Rl 33UHGLFWLRQ™ LQ WKLV WRKHVDQ REEVDQBWWNF MW
&KDSWHU IV UHYLHZ DUWLFOH ZKHUH $, PRGWAGVIRUKWHDVWYEHRI
production and optimise energy usage. In particular, predictive models, such as BP-ANN and Long
Short-Term Memory (LSTM) networks were highlighted for their ability to model and predict biomass

yield under varying environmental conditions. These Al-driven predictions enable decision-makers

to anticipate fluctuations in biomass availability and energy output, ensuring more reliable resource
management. In the context of bioenergy production, accurate prediction models are critical for
developing strategies that can mitigate the impacts of fluctuating biomass resource, The BP-ANN

model, for example, was specifically noted for its viability to forecast complex patterns in biomass

production by analysing historical data and integrating climate variables, like temperature and
precipitation (Chapter 3). LSTM networks, by contrast, are particularly effective in handling time

series data, making them ideal for predicting long-term trends in production process. These
predictions, as discussed in Chapter 2, guide strategic decisions in bioenergy systems by identifying

optimal times for harvesting and processing biomass, thus improving energy efficiency and reducing

waste.

ORUHRYHU WKH FRQIHUHQFH SURFHHGLQJ WLWOHG-POI@sBILVLQJ
%LRHQHUJ\ 3URGXFWLRQ" DQG WKH DUWLFOH LQ &KBRWHSESW EXU
providing detailed Al-based forecasts of bioenergy availability from both agricultural by-products and

livestock waste. These works employed Al models to create a 20-year forecast (2001-2020) of

bioenergy potential in the Jianghan Plain, using diverse datasets including crop yield data,
environmental variables, and climate scenarios.

In Chapter 3, the BP-ANN model was applied to predict Net Primary Productivity (NPP) values of

main crops such as rice, maise, and wheat, demonstrating the impact of climate changes on

bioenergy production. For example, by 2030, the prediction bioenergy output from crop residues

could range from 1.2 to 1.9 x 10° MJ, which is approximately 11 lower than current levels due to



LQFUHDVLQJ WHPSHUDWXUHYVY DQG FKDQJLQJ SUHFLSLWDWLRQ
demonstrated with strong predictive performance metrics, such as an R? value of 0.90 for wheat and
0.83 for rice (particularly the single-season rice, i.e., SE rice). Additionally, Chapter 3 highlights
various climate change scenarios, showing how factors like CO; (c.CO;) mitigation and temperature
control (c.T) could influence bioenergy production. For instance, under a c.T strategy (Scenario Ssa),
bioenergy production for rice straws showed a favourable increase by 2030, particularly in more
midland regions of the Jianghan Plain. This scenario contrasts with the limited decarbonisation
approach (Scenario S1), where bioenergy production was negatively impacted, particularly in more
industrialised regions. These findings emphasise the need for targeted region-specific mitigation
strategies to sustain bioenergy production under evolving climate conditions.

Furthermore, the Al-based predictions from Chapter 3 provide critical insights for policymakers
seeking to mitigate the effects of climate change on bioenergy production. By 2030, the BP-ANN
forecasts suggest a potential reduction of up to 11% in bioenergy output from crop residues unless
DJJUHVVLYH FOLPDWH PLWLJDWLRQ VWUDWHILHY DUH LPW®&HPHQ\
importance of ¢.CO and c.T mitigation strategies, especially in key agricultural regions like Jianghan
Plain. For example, our research showed that maintaining moderate CO; control (Scenario S;) could
lead to stable bioenergy production, while failing to curb emissions (Scenario S;) would result in a
steep decline in bioenergy potential. This data informs the development of strategic policies that
focus reducing emissions, optimising crop yields, and integrating bioenergy into the national energy
grid, particularly in rural regions where agriculture plays a critical role in energy production.
Policymakers can leverage these Al-based predictions to implement adaptive climate strategies,
such as the promotion of crop diversification, investment in climate-resilient agricultural technologies,
and infrastructure improvements for bioenergy plants. This work suggests that targeted interventions,
particularly in midland and southwestern regions of the Jianghan Plain, could help mitigate the

adverse effects of rising temperatures and ensure sustainable bioenergy production.

6.3. Position: Optimising bioenergy plant locations

7KH FRQFHSW Rl 33RVLWLRQ" HPHUJHG IURP WKH 33URGXXDNVIHRQ ™~ D
RQ WKH FRQFHSW RI 33RWHQWLDO" ZKHUH V®RWDWMLR@GW EZPVVIDW KI
as a crucial factor for efficient bioenergy systems. In this section, combining machine learning
algorithms, e.g., K-Means, Hierarchical Clustering, Decision Trees, etc., combined with GIS-MCDA,
was discussed as an essential approach for determining the most suitable locations for bioenergy
facilities. By leveraging Al models like ANN and SVM, along with GIS tools, it is possible to analyse
environmental and logistical factors, such as biomass availability, transportation costs, and proximity
to demand centres, to make data-driven decisions about where to establish bioenergy plants (Jeong

and Ramirez-Gomez, 2018). In particular, Al-driven spatial models help assess land-use patterns,



transportation networks, and bioenergy demand to ensure that bioenergy plants are positioned to
minimise costs while maximising energy production and social acceptance. The review article in
Chapter 2 underscored the significance of combining Al techniques with GIS to handle the

complexity of bioenergy production systems and optimise plant location.

JXUWKHUPRUH WKH FRQFHSW RI 33RVLWLRQ ™~ ADNWUGH Y HOWRSWHGP BQY

Bioenergy Plant Locations Using a GIS-MCDA Approach Based on Spatio-temporal Stability Maps
Rl $JULFXOWXUDO DQG /LYHVWRFEN %\SUR GISMMEDNA approddh Uhds
applied to assess the optimal locations for bioenergy plants in Jianghan Plain. This chapter focused
on integrating spatial-temporary stability maps of biomass resources, e.g., crop straws from rice,
wheat, and maise (Chapter 3), and livestock manure from pig, poultry, and cattle (as listed in
Conference proceedings), to identify the most suitable plant sites. The stability maps provided a
detailed assessment of the consistency and reliability of biomass supply over time, enabling
decision-makers to prioritise regions with stable and high-yield biomass feedstock for bioenergy
production.

For example, the spatio-temporal analysis revealed that areas like Gongan and Shayang counties
exhibited high stability in rice straw production, making them prime candidates for bioenergy plant
development. The MCDA process evaluated 13 environmental, social, and economic criteria, such
as proximity to transportation networks (RN), population density (PD), GDP, and environmental
impact, e.g., water bodies (WB), slope (SL), scenic areas (SA), etc., to determine the optimal sites
for bioenergy plants. By overlaying these criteria with the spatio-temporal maps, the study identified
45-66 potential plant locations, balancing energy demand and supply while minimising the
environmental footprint. By comparing with energy demand points (i.e., mainly residential and
accommodation points needing bioenergy use), this study revealed stronger correlation (R? > 0.80)
than those of existing projects (R? = 0.57, data from Table 4.5, CSY (2022)), suggesting that our

selections more closely align with the demand and promote a better supper-demand balance.

D FRP.

%DFN WR WKH 33UHGLFWLRQ™ DOWKRXJK ZH GLGIR WK HRIXMPOWMW W
WKH 3SUHGLFWLRQV" PDGH LQ &¢KDSWHU DERXWRPDIXMWCIWIEKEHRRREAQG!

for this energy planning and directly applied in Chapter 4, input as an important data source, to
enhance the reliability of plant siting decision. For instance, Chapter 3 used BP-ANN models to
predict accumulated NPP values of crops under various climate scenarios, providing a detailed
forecast of bioenergy potential from agricultural by-products. These predictive models informed the
spatial analysis in Chapter 4, ensuring that planting siting decision accounted for future changes in
biomass availability due to climate change, The interdependency between accurate Al-based
predictions and effective spatial planning is evident in the integration of predictive data from Chapter
3 with the GIS-MCDA framework in Chapter 4. This approach allowed for the identification of plant
locations that not only meet current energy demands but are also resilient to future changes in

biomass supply, ensuring long-term sustainability.



Also, the interdependency between Al predictions and spatial planning was also stressed. The
combination of Al predictions from Chapter 3 and spatial analysis in Chapter 4 highlights the critical
interdependency between predictive modelling and spatial decision-making in optimising bioenergy
plant locations. Accurate predictions of bioenergy potential enable more informed and precise plan
siting, while effective spatial planning ensures that bioenergy production is both economically viable
and environmentally sustainable. This relationship underscores the importance of integrating Al-
drive forecasts with GIS tools to optimise bioenergy systems, particularly in regions like Jianghan
Plain, where variability in biomass availability and logistical factors can significantly impact bioenergy
production.

6.4. Developmental pathways and technical innovations in renewable energy communities

6.4.1. Developmental pathways and emerging trends

On one hand, & KDSWHU S5HQHZDEOH (QHUJ\ &RPPXQLWLHWNM@pHh 5XUDO
analysis of the critical role that renewable energy communities (RECs) play in addressing the unique

energy challenges of rural areas. These areas often face limited access to centralised power grids

and a growing need for sustainable, locally-produced energy. RECs offer a decentralised energy

solution by integrating various renewable sources, e.g., solar power, wind, hydro, and bioenergy,

into local energy systems. This chapter extends beyond the previous focus on biomass and
bioenergy, encompassing a broader spectrum of renewable energy technologies. It explores
developmental trajectories, challenges, and emerging trends within rural socio-technical energy

systems, emphasising the role of innovative technologies. Al-based predictive models and GIS tools,

discussed in earlier chapters, enable these communities to maximise resource efficiency and

minimise environmental impact, contributing to enhanced energy independence and global
sustainability goals.

Moreover, the chapter systematically highlights the role of machine learning algorithms and GIS-

MCDA in optimising resource allocation and siting bioenergy plants in areas with abundant biomass

feedstock and favourable transport logistics. These technologies are presented in three stages,
showcasing their key features and practical benefits. For instance, RECs in rural China, which
increasingly integrate bioenergy systems using agricultural by-products like crop residues and

livestock manure, demonstrate how these innovations contribute to energy security and
sustainability. Also, Chapter 5 builds on discussions from Chapters 3 and 4. It specifically examines

how biogas generated from agricultural by-SURGXFWYV LQ UHJLRQV OLNH -LDQJKDQ
provide up to 11.4 kJ/m2. This potential, when fully harnessed through well-sited bioenergy plants

using GIS-MCDA, could significantly enhance rural energy security while supporting the
achievement of Sustainable Development Goals (SDGs). Specifically, by 203 &KLQDTV IRFXV F
renewable energy, supported by Al and GIS technologies, is projected to help achieve SDG 7

(Affordable and clean energy), which advocates for reliable, affordable, and sustainable energy for



all. The transition to bioenergy, especially in agricultural regions like Jianghan Plain, aligns closely
with SDG 15 (Life on land), which promotes sustainable use of terrestrial ecosystems by utilising
agricultural by-products such as crop residues and livestock manure.

However, the development of RECs is not without its challenges. Except the key challenges detailed
in Chapter 5 (Section 5.4.4.3.), the primary challenges also exist and can be found in previous
chapters. For example, the cost of deploying Al-driven solutions (Chapter 3) and GIS-MCDA tools
(Chapter 4) can be prohibitive, especially in under-resourced areas. Therefore, Chapter 5 also
provided examples where these upfront costs can be mitigated through government subsidies and
communities-led initiatives. For example, the study in Chapter 3 suggests that government-backed
incentives in Hubei Province, China, where significant bioenergy potential from crop residues (up to
1.9 x 10° MJ) has been identified, can offset initial investments and foster long-term economic
EHQHILWY %\ UHGXFLQJ ELOOV DQG JHQHUDWLQJ DG @&IKWISR\GHIO 1!
plan), rural communities can eventually realise significant returns on their investment.
Nevertheless, this is just one case extracted from our previous research. While the government
offers subsidies, policies are not always well-coordinated, which can lead to inefficiencies. For
instance, the policies promoting crop residue utilisation in bioenergy production are sometimes at
odds with those regulating agricultural waste management (Liu et al., 2022), leading to conflicts in
resource allocation. Furthermore, Chapter 5 emphasises the importance of coordinated
policymaking to align local initiatives with national energy security goals, as China aims for carbon
neutrality by 2060.

6.4.2. The interconnecting technical innovations for rural energy community

On the other hand, as for technological innovations, RECs have evolved through distinct
developmental phases. In the Early Stage, efforts were primarily localised, with a focus on bioenergy
solutions like biogas digesters to transform agricultural by-products into energy. This phase faced
significant challenges, including limited technological integration and reliance on basic infrastructure,
with community participation forming the foundation for small-scale initiatives. The Development
Phase marked a transition towards hybrid systems that combined bioenergy with other renewable
sources, such as solar and wind. Regulatory support increased during this period, and Al tools like
Decision Support Systems (DSS) platforms began to play a crucial role in managing resources and
optimising operations. Finally, the Advanced Integration phase represented a leap toward fully
integrated smart energy systems, leveraging Al-driven predictive models and smart grids to enhance
energy management, improve resource efficiency, and ensure long-term sustainability.

Key technological advancements, particularly Al and GIS-MCDA tools, have driven these
developments. Al-driven DSS and predictive models like ANN have optimised resource allocation
and long-term energy planning. For instance, these models forecasted bioenergy potential under

climate change scenarios (Chapter 3) and informed spatial planning for bioenergy plant locations



(Chapter 4). Smart grids have further enhanced energy flow management within RECs, enabling
real-time adjustments to energy supply and demand. GIS-MCDA tools have been instrumental in
identifying optimal locations for bioenergy plants, integrating spatial and temporal data to align
resource availability with logistical and environmental factors. These innovations collectively
highlight the transformative potential of technology in advancing the efficiency, scalability, and
resilience of RECs.

Despite these advancements, significant challenges persist in the development of RECs. Financial
constraints remain a major obstacle, as deploying Al-driven and GIS-based tools involves high
upfront costs, especially for under-resourced rural communities. Chapter 5 emphasises the role of
government subsidies and financial incentives in offsetting these costs, with examples from Hubei
Province demonstrating how such support can enhance economic viability and community
participation (Liu et al., 2023; Nie et al., 2022). Regulatory hurdles, such as conflicting policies on
agricultural waste management and bioenergy production, also hinder progress, highlighting the
need for coordinated policymaking to align local initiatives with national energy goals. Additionally,
infrastructural barriers, including limited transport and energy networks, constrain the scalability of
RECs, underscoring the importance of strategic investments to support rural energy systems.
Emerging trends point to significant opportunities for advancing RECs, particularly in enhancing
resilience and scalability through hybrid systems and participatory approaches. The integration of
bioenergy into rural energy systems aligns with the Sustainable Development Goals (SDGs),
particularly SDG 7 (Affordable and clean energy) and SDG 15 (Life on land) (Chapter 1). By
leveraging Al-driven tools and GIS-MCDA frameworks, RECs can achieve greater energy security
and environmental sustainability while fostering local economic growth. This section underscores
the interconnected nature of the B8-P “concepts in REC development, demonstrating how the insights
from Chapters 2 through 5 collectively contribute to addressing the energy challenges and
opportunities in rural areas. These findings not only highlight the potential of RECs to drive
sustainable development but also provide a roadmap for their future integration into global energy

systems.

6.5. Alignment of research findings with research questions

This section explicitly maps the findings and discussions in the thesis to the four research questions
outlined in Section 1.2. While Sections 6.1 to 6.4 provide an in-depth analysis of these questions
WKURXJK3IWIKRQFHSWV L H 3 Riyvard dQRusitibrOthisd g ¢diéh Llecenablidates those
insights, bringing additional clarity to how each research question is addressed across Chapters 2
to 5.

Research Question 1: How can Al technologies enhance biomass detection, production, and

utilisation in rural areas, and what are the implications for sustainable energy systems? ”



This question is addressed comprehensively across Chapters 2, 3, and 4:

x &KDSWHU RIIHUV D IRXQGDWLRQDO UHYLHZ RI $, DSSOLEWWLRQ"

UROH LQWR WKUHH NH\ VWDJHVY GHWHFWLRQ SURGXFWLRQ DQ
690 5DQGRP )RUHVW DQG 'HFLVLRQ 7UHHV DUH LGHQWLILHG

RSWLPLVLQJ HQHUJ\ SURFHVVHV DQG SODQQLQJ UHVRXUFH XWL
RI KRZ $, LQWHJUDWHY GLYHUVH GDWDVHWV VXFK [KWD @B W MOKGIL V
HIILFLHQF\ DQG SUHFLVLRQ RI ELRPDVV V\VWHPV

7KH SUDFWLFDO DSSOLFDWLRQ Rl WKHVH WHFKQRORJNVHXVIH\G LOC
WR SUHGLFW WKH QHW SULPDU\ SURGXFWLYLWU YB®3LRIX¥ URE\WP
VFHQDULRY 7KH UHVXOWV VKRZFDVH KRZ $, GULYHQ PRBWW®V IDF
\LHOG HQDEOLQJ VWUDWHJILF SODQQLQJ WR RSWLPLVH ELRHQHL
&KDSWHU H[WHQGV WKH GLVEXVVLRQ WR LQFOXGH WK$ LQWH
IUDPHZRUNV IRU ELRHQHUJ\ SODQW VLWLQJ G HMRRO Q/RIDINIQRIQK
UHGXFHV LQHIILFLHQFLHYV LQ UXUDO HQHUJ\ VI\VWHPYV

These findings collectively underscore the transformative potential of Al in improving detection,

production, and utilisation, leading to sustainable bioenergy solutions. This thesis also highlights how

these advancements contribute to achieving SDGs by addressing energy security and environmental

challenges in rural areas.

Research Question 2: WWhat impact will climate change have on bioenergy production from

agricultural by-products in Chinese regions by 2030, and how can Al-based spatial analysis inform

mitigation strategies? ’

The impact of climate change on bioenergy production is explored in Chapter 3, which applies Al-

based spatial analysis to predict future bioenergy potential from crop residues.

X

%\ XVLQJ %3 $11 PRGHOV WKH FKDSWHU IRURBNMVWVFWNKHKIFBBW LC
PDLIH LQ -LDQJKDQ 30DLQ XQGHU YDULRXV FOLPDWH VBPHQDUL
SRWHQWLDO GHFUHDVH RI LQ ELRHQHUJ\ RXDWSIXR\Q ERH DV XUWYX
6FHQDULRY HJ WHPSHUDWX{UMLWRQWNRRQUAR7TRPODG\RKIRAG VKRZL
WDUJHWHG FOLPDWH UHVSRQVHY FDQ RIIVHW WKH DEVDDDF¥FH LR
UHVHDUFK LGHQWLILHY PLGODQG UHJLRQV DV PRUH UHXISIRGH/ LY
VLGHOLQH DUHDV EROQWLIWWWURRER &5SURDFKHV

6SDWLDO DQDO\VLV LQ &KDSWHU LOOXVWHEHRWHE RRDZR\R MCKHHU L
ZLWK DUHDV LQ WKH VRXWKZHVW VKRZLQJ KLJKHU H H\OICPLDHVOHF F
VWUDWHJILHYV



The findings provide some insights for policymakers, demonstrating how Al-based tools can identify

vulnerable areas and guide adaptive climate mitigation strategies to sustain bioenergy production.

Research Question 3: How can a GIS-MCDA approach, informed by spatio-temporal stability maps,
optimise the siting of bioenergy plants to maximise environmental, social, and economic benefits?
This question is addressed in detail in Chapter 4, where a GIS-MCDA framework is developed and

applied.

x TKHFKDSWHU LQFRUSRUDWHVY VSDWLR WHPSRUDO VWDELOLW\
FODVVLILFDWLRQ DOJRULWKPV HJ . OHDQV 'HBIQLRR 7AKHHAH
PDSV SURYLGH D \HDU DQDO\VLV RI FURS D QGGL OKWH QW R FIN LURH\
FRQVLVWHQW ELRPDVV DYDLODELOLW\

X 7KH *,6 0&'$ IUDPHZRUN HYDOXDWHYV FULWHULD D\ WRRV ¥ DRVHYLL |
ERGLHVY VRFLDO HJ SRSXODWLRQ GHQVLW\ DQGIBV¥RRRYLFR
GHWHUPLQH RSWLPDO ELRHQHUJ\ SODQW ORFDWLRIQW ZIKW KD QB0
DUHDV OLNH *RQJDQ DQG 6KD\DQJ H[KLELWLQJ KLJK UHVRXUFH
FHQWUHYV

X 9DOLGDWLRQ Rl VLWH VXLWDELOLW\ XVLQJ FRUUHODSBLRQ DQDO\
RYHU H[LVWLQJ SODQW ORFDWLRQV GHPRQVWUDW L@J DMDKK QLIQL]
VXSSO\ ZLWK GHPDQG

By combining Al-driven predictions with spatial analysis, the chapter illustrates how GIS-MCDA can

optimise plant siting, ensuring sustainability, cost-effectiveness, and minimal environmental impact.

Research Question 4: 3:KDW DUH WKH NH\ GHYHORSPHQWDO WUDMHFWRU
trends for renewable energy communities in rural areas, and how can these communities contribute

WR HQHUJ\ VHFXULW\ DQG UXUDO HQHUJ\ GHYHORSPHQW"’

Chapter 5 examines this question by reviewing the development of renewable energy communities

(RECs) in rural areas.

x 7TKH FKDSWHU LGHQWLILHY WKUHH GHYHORSPHQWR®PW WVJ BIKDR/IH5
DQG $GYDQFHG ,QWHJUDWLRQ KLJKOLJKWLQJ WKH HYROXWLR
VWUXFWXUHV RYHU WLPH .H\ GULYHUV VXFK DVSWBERDRRWDRDIWO
FRPPXQLW\ HQJDJHPHQW DUH GLVFXVVHG LQ GHSWK

X (PHUJLQJ WUHQGVY LQFOXGLQJ WKH LQWHJUDWLRQ FPIRQEWL® \WB
WKH SRWHQWLDO RI 5(&V WR HQKDQFH HQH U J KWDHW IOUW DDA HJ &
WKH UROH RI ELRHQHUJ\ VIVWHPV SDUWLFXODUOWDLQ KHUWKO
ELRPDVV UHVRXUFHV SOD\ D SLYRWDO UROH LQ ORFDO HQHUJ\ S



x &KDOOHQJHV VXFK DV ILQDQFLDO FRQVWUDLQWYV D QABU D WHKIQ BIW
IRU RYHUFRPLQJ WKHP )RU H[DPSOH JRYHUQPHQW EMFNXEHLQFH
3URYLQFH DUH KLJKOLJKWHG DV HIIHFWLYH PHFKDQLVRD Q¥FRI UHG
HFRQRPLF YLDELOLW\

The analysis underscores the critical role of RECs in achieving energy security and sustainable

development in rural areas, providing a roadmap for future research and policy initiatives.

In summary, the alignment of research findings with the 4 research questions demonstrates the
comprehensive approach taken in this thesis to address the challenges and opportunities in rural
bioenergy systems. Each chapter contributes to answering these questions, collectively providing a
robust framework that integrates Al technologies, GIS-MCDA, and socio-economic analysis to
advance bioenergy systems. By explicitly linking the findings to the research questions, this section
UHDIILUPV WKH Wutior td EusthiialiidReQangydevelopment, offering practical insights and
strategic recommendations for policymakers, researchers, and practitioners. This work not only
addresses the immediate challenges of biomass detection, production, utilisation, and plant siting
but also paves the way for future research into renewable energy communities and their role in
achieving global sustainability goals, particularly in rural areas. Through this integration, the thesis
underscores the transformative potential of data-driven approaches in ensuring energy security and
fostering resilience in the face of climate change.

7. Conclusion

In this thesis, the integration of Al technologies and GIS-MCDA has been explored as a
comprehensive framework to enhance bioenergy systems in rural areas, specifically focusing on
-LDQJKDQ 30DLQ &KLQD 7KH VWXG\ I GRRUGHHEWES VPaclidtdt, &1d Q WU D O
Position, by examining how Al can optimise biomass detection, forecast bioenergy production under
various climate change scenarios, and determine optimal plant locations for bioenergy facilities.
These technologies are not only transformative in terms of improving operational efficiencies but
also crucial for strategic decision-making in rural bioenergy planning.

Each chapter of the thesis contributed to a systematic understanding of these concepts. The work
progressed from Al-driven detection and production techniques, using advanced algorithms like BP-
ANN, to predictive modelling that incorporated spatial analysis tools. These models allowed the
thesis to delve into future biomass yields and environmental dynamics, offering valuable insights into
the siting of bioenergy plants. Through the combination of Al and GIS tools, this research provides
a novel, data-driven approach to overcoming some of the most pressing logistical and environmental

challenges facing rural bioenergy systems today.



+RZHYHU FHUWDLQ OLPLWDWLRQV PXVW EH DFNQRZOHGSHGLALWK
agricultural by-products and livestock was guided by their relevance to Jianghan Plain and the
availability of geospatial and statistical data, leaving other bioenergy sources unexplored due to
practical constraints. Furthermore, the simplifications in bioenergy production processes were
necessary to develop generalised predictive models, as accounting for real-world complexities, such
as operational inefficiencies, would have exceeded the focus of this study. Additionally, the
assumption of temporal stability in biomass resources, while potentially overestimating consistency,
was appropriate for the predictive framework aimed at bioenergy planning rather than real-time
fluctuations.

Another limitation lies in the exclusion of other potential feedstocks, such as agri-food industry
residues and urban organic waste, which cannot be easily estimated from satellite imagery or public
databases. Incorporating these feedstocks into future models would significantly enhance the
versatility and comprehensiveness of the bioenergy system. Leveraging new data collection
methods, such as industry surveys, municipal waste records, and smart monitoring technologies,
could address this gap. This expansion would align with circular economy principles and further
contribute to sustainable bioenergy systems.

Building on this research, future work could focus on several key areas:

Xx ([SDQGLQJ $, PRGHOV WR QHZ UHJLRQV DQG ELRPDVV DWBHYV
DGGLWLRQDO IHHGVWRENV VXFK DV DJUL IRRG LQGXVWU\ UHV
DGYDQFHG GDWD FROOHFWLRQ PHWKRGYV OLNH PXQLFLSDO ZDVW
7KLV H[SDQVLRQ ZRXOG EURDGHQ WKH DSSOLFDELOLW\ Rl WKH
SULQFLSOHV WR FUHDWH PRUH FRPSUHKHQVLYH ELRHQHUJ\ V\VW

X (QKDQFLQJ WKH LQWHJUDWLRQ RI $, DQG *K6FIRXH GV BRIG YW O RSWE
VRSKLVWLFDWHG PRGHOV WKDW LQWHJUDWH $, GULRHBDHSWMHEW F
DGDSW WR UHJLRQ VSHFLILF HQHUJ\ GHPDQGV DQ® J RE DWW UNDLLRY
PRQLWRULQJ DQG G\QDPLF VSDWLDO WHPSRUDO DQDBPLVLRQRX
PDNLQJ LQ SODQW VLWLQJ DQG HQHUJ\ UHVRXUFH DOORFDWLRQ

X ,QWHJUDWLQJ FLUFXODU HFRQRP\ PRGHOV ([SORULQJ V\QHUJLI
RWKHU VHFWRUV FRXOG FUHDWH FORVHG ORRS V\VWHBYXWDIKODW
HFRQRPLF GHYHORSPHQW

X 5HILQLQJ ELRHQHUJ\ SURGXFWLRQ PRGHOV 'HYHORSWMDJRRRUH
RSHUDWLRQDO LQHIILFLHQFLHY PDLQWHQDQFH FKRO®OHRYHW DK
DFFXUDF\ DQG SUDFWLFDOLW\ Rl ELRHQHUJ\ SURGXFWLRQ SUHGI

x (FRQRPLF DQG SROLF\ PRGHOV IRU ODUJH VFDOH LRGS0 HPXQDWDRWL
PHFKDQLVPV VXFK DV FRVW EHQHILW DQDO\VLV LQFHQWLYH VF
SURYLGH D FOHDUHU SDWKZD\ IRU LPSOHPHQWLQJ $, GULYHQ EL

X ,PSURYLQJ VSDWLR WHPSRUDO DQDO\VLV WHFKQLTHKHAM D\QKQDF |



DQG ORQJ WHUP YDULDWLRQV LQ ELRPDVYV DYDLODELOLWWQBRXOG
DGDSWDEOH WR FKDQJLQJ DJULFXOWXUDO DQG HQYLURQPHQWDC

In conclusion, this thesis has demonstrated the transformative potential of Al and GIS-MCDA
technologies in advancing rural bioenergy systems. By addressing key challenges in biomass
detection, production, utilisation, and plant siting, this research contributes significantly to global
efforts toward energy security and rural energy development. The methodologies and findings
presented here offer a robust framework for future exploration, aiming to integrate broader renewable
energy systems and socio-economic factors to support holistic energy planning and sustainable
development. Furthermore, by integrating Al and GIS tools into broader renewable energy systems,
future research can support holistic energy planning, enabling adaptation to diverse regions and
including a wider array of energy sources.

This thesis underscores the pivotal role of advanced technologies in shaping the future of renewable
energy. By demonstrating how Al and GIS-MCDA can be leveraged to optimise bioenergy systems,
it provides a blueprint for addressing critical challenges in rural energy planning. The integration of
these tools not only enhances efficiency and sustainability but also fosters innovation in renewable
energy research. The insights gained from this study lay a solid foundation for future interdisciplinary
efforts, bridging the gap between technological advancement and sustainable energy policy. As the
global transition to renewable energy intensifies, this work highlights the transformative potential of

Al and GIS to create resilient, adaptive, and inclusive energy systems for a sustainable future.
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