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A B S T R A C T

This study provides a systematic exposition of the Agricultural Energy Internet (AEI), offering an in-depth 
analysis within the context of smart agriculture. This work elucidates the evolutionary pathway and emerging 
trends of AEI, along with the technologies underpinning its implementation. Through a systematic analysis of 
literature published over the past five years, the study focuses on three key research domains: (1) agricultural 
electrification, (2) rural energy systems, and (3) smart agriculture, thereby mapping the current research 
landscape of AEI. Representative studies across different developmental stages are examined to trace the evo
lution of AEI and its future directions, revealing a clear shift toward integrated multi-scale system-level energy 
modeling and large-scale AI-driven optimization. This study systematically delineates the technical architecture 
and evolutionary trajectory of the AEI. Finally, drawing on recent high-impact publications, three frontier 
research directions are identified: (1) generative AI for smart agriculture, (2) high-efficiency carbon capture 
technologies, and (3) low-cost energy harvesting systems.

1. Background and Policy Context

1.1. 1.1 International Context

Since the concept of smart agriculture was first proposed in the late 
20th century, the progressive advancement and refinement of the 
technological landscape, particularly Artificial Intelligence (AI) and big 
data, have propelled the paradigm shift toward an era of expedited 
evolution. Driven by resource scarcity, demographic shifts, and rising 
demands for quality of life, smart agriculture has become a global trend 
in agricultural development.

In early 2025, the European Union released the strategic document 
“Vision for Agriculture and Food” [1]. It emphasizes digitalization as the 
key driver for the future, fostering the convergence of data-driven ap
proaches and digital technologies to enhance the well-being of rural 
communities [1]. For the first time, EU member states have integrated a 
digital agriculture strategy into the Common Agricultural Policy (CAP). 
Satellite-based regional monitoring enables farmland surveillance, 

while advances in variable-rate fertilization optimize input–output ef
ficiency. Farmers also receive subsidies to adopt smart irrigation systems 
and agricultural robots [2]. In alignment with the CAP, EU member 
states have implemented national strategies tailored to their specific 
contexts. France has launched an agricultural robotics initiative to 
accelerate its agroecological transition [3]. Germany’s Federal Ministry 
of Food and Agriculture is employing digital tools to reduce fertilizer 
and pesticide use, thereby fostering agricultural innovation through 
targeted measures [4]. During the same period, the U.S. Department of 
Agriculture issued the Interim Rule on Technical Guidelines for Climate- 
Smart Crops Used as Biofuel Feedstocks, establishing a framework for 
quantifying, verifying, and reporting greenhouse gas emissions in 
climate-smart agricultural systems [56]. Greenhouse gas emissions from 
agricultural production are being reduced through improved crop 
management and the use of nitrification inhibitors. The resulting im
pacts are systematically monitored and reported to support the design of 
low-carbon biofuel initiatives. In Australia, the Department of Agricul
ture, Fisheries and Forestry has launched a five-year Climate-Smart 
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Agriculture program that integrates emission reduction, climate resil
ience, and sustainable natural resource management to protect natural 
capital and conserve biodiversity [7].

Since its inception, the U.S. Rural Energy for America Program has 
been continuously updated to support rural energy transitions [8]. As of 
July 2025, the initiative provides grants and guaranteed loans to small 
businesses and rural agricultural producers to improve operational en
ergy efficiency. Permissible applications encompass the acquisition and 
deployment of renewable energy infrastructure, ranging from biofuel 
production plants, anaerobic digesters, and solid biomass solutions, to 
both distributed and grid-tied solar photovoltaic (PV) as well as wind 
power systems [8]. Brazil has long promoted sugarcane-based ethanol as 
a cornerstone of its renewable energy strategy [9]. In 2021, the Ministry 
of Agriculture, Livestock and Food Supply launched the ABC +
Plan—the Sectoral Plan for Mitigation and Adaptation to Climate 
Change for a Low-Carbon Agricultural Economy (2020–2030)—to pro
moting the transition toward sustainable agricultural and pastoral value 
chains through synergistic climate resilience and greenhouse gas 
abatement strategies [10]. In September 2025, Canada announced a new 
biofuel production incentive program and amended its Clean Fuel Reg
ulations to bolster the domestic biofuel industry, with a focus on canola- 
based feedstocks [11]. In Germany, the technical standard DIN SPEC 
91434:2021 stipulates that agrivoltaic systems must prioritize agricul
tural production as their primary function. This is complemented by the 
Renewable Energy Sources Act (Erneuerbare-Energien-Gesetz, EEG), 
which supports agrivoltaic deployment through tender-based subsidies 
and other policy mechanisms to accelerate the integration of solar power 
into agricultural landscapes [12].

1.2. China context

Facing severe land constraints, a large population, low fertilizer use 
efficiency, and acute labor shortages in traditional farming, China must 
simultaneously meet high food demand and rising societal expectations 
for quality of life. This dual challenge urgently calls for smart agricul
tural management to boost both yield and food quality. Cutting-edge 
digital innovations—encompassing the big data analytics, Internet of 
Things (IoT), AI, and 5G communications—now create unprecedented 
opportunities.

China is advancing the construction of a national rural and agricul
tural big data platform to digitize data on resources, land, and agricul
tural outputs in support of disaster prevention and mitigation, precision 
farming, and intelligent management of livestock, poultry, and aqua
culture. This initiative prioritizes strengthening rural digital infra
structure, enhancing cross-departmental and multi-level coordination in 
digital village development, and optimizing digital approaches to 
poverty alleviation and prevention of recurrence. Pilot programs are 
being implemented in regions with favorable conditions, emphasizing 
synergistic progress in smart agriculture through integrated, iterative 
cycles of technology development, application, and demonstration. 
These strategic imperatives are codified within seminal policy frame
works, notably the National Smart Agriculture Action Plan (2024–2028) 
and the Guidelines on Promoting Smart Agriculture (2024), which was 
issued by the Ministry of Agriculture and Rural Affairs; furthermore, 
they are detailed in the Key Tasks for Digital Village Development in 2025, 
a collaborative inter-ministerial release dated 2025 with the afore
mentioned ministry participating. [131415]. The Guidelines on Promot
ing Smart Agriculture set a target of achieving significant progress in 
smart agriculture by 2030, including an agricultural “informatization 
rate” of approximately 35%. The guidelines also call for strengthening 
institutional leadership and talent development to cultivate application- 
oriented, innovative, and interdisciplinary professionals aligned with 
sectoral needs. Reinforcing this strategic agenda, the 2025 Central 
Document No. 1—entitled Opinions on Further Deepening Rural Reform and 
Solidly Advancing Comprehensive Rural Revitalization—serves as a key 
policy guideline for China’s rural development initiatives[16]. This 

document emphasizes the urgent need to accelerate rural revitalization, 
positioning reform, opening-up, and technological innovation as core 
drivers for modernizing China’s rural economy and society[16]. To 
augment these ongoing endeavors, the National Data Administration 
rolled out the Three-Year Action Plan for Unlocking the Value of Data 
Elements (2024–2026) in January 2024, advocating for the in-depth 
integration of data with the agricultural sector and fostering the devel
opment of “data + model”-driven smart farming systems that facilitate 
precision crop cultivation, livestock husbandry management, and 
intelligent aquaculture practices [17].

During the first quarter of 2023, the Rural Energy Revolution Pilot 
County Construction Plan was collaboratively promulgated by a con
sortium of Chinese governmental bodies, specifically the Ministry of 
Ecology and Environment, the Ministry of Agriculture, the National Energy 
Administration and Rural Affairs, and the National Rural Revitalization 
Administration [18]. This approach is designed to boost local farmers’ 
income while establishing a secure and reliable framework for rural 
energy supply, consumption, technology, and management systems 
[18]. Development planning actively avoids environmentally sensitive 
areas such as ecological protection redlines and coordinates the rela
tionship between natural ecosystems and rural new energy infrastruc
ture to advance green development. Carbon neutrality goals are pursued 
through the development of solar, wind, and biomass resources. New 
energy networks are designed according to local conditions, taking into 
account the characteristics of available resources in different regions, to 
achieve a high degree of self-sufficiency. These networks integrate 
advanced energy solutions, including energy storage, renewable gen
eration, and adaptive grid infrastructure, with interconnected commu
nication systems; pilot projects, in turn, explore regional integrated 
energy systems that supply combined electricity, gas, cooling, and 
heating services.

While research in related fields such as smart agriculture and energy 
internet is already well-established, the AEI remains an emerging 
research field with relatively scarce relevant studies, making systematic 
synthesis and analysis challenging. To address this challenge, this study 
achieves systematic synthesis of AEI’s evolutionary trajectory and 
technological framework by leveraging developmental trends predicted 
from these mature related fields. Nevertheless, inherent subjectivity and 
potential biases are unavoidable in the synthesis process; thus, we can 
only confirm with confidence that AEI is evolving toward the paradigms 
of big data, data modeling, and low-carbon development. Compliant 
with prevailing policy directives, this study is strategically oriented to
ward accelerating the advancement of a carbon-mitigated and opera
tionally optimized AEI.

2. Literature Landscape, and gaps

This section brings together recent research from three related areas. 
These areas include agricultural electrification, rural energy systems, 
and smart agriculture. The goal is to give a clear picture of how far the 
AEI has come. While each area has developed quickly, most studies still 
focus on single technologies or parts of rural energy and digital agri
culture, rather than the bigger picture. By grouping the literature into 
these themes, this review shows both the progress made and the gaps 
that remain, laying the groundwork for the AEI framework discussed in 
this paper.

2.1. Agricultural electrification technologies

This subsection reviews the recent work in agricultural electrifica
tion, especially in photovoltaic systems, microgrids, biomass energy, 
and energy storage. The subsection purpose is to show how rural elec
trification technology has evolved and to highlight trends and chal
lenges important for the AEI. Table 1 provides an organized summary of 
key studies from the past five years, which are further explained in the 
following paragraphs.
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The evolution of rural electrification has progressed to a stage where 
it is increasingly represented by microgrid systems. This shift signifies 
that rural electrification models are moving toward greater refinement 
and efficiency. Table 1 summarizes a survey of recent agricultural 
electrification technologies (see Table 1). Rural peak electricity con
sumption differs from that of cities and factories and follows its own 
distinct logic for power load forecasting [19 2021]. Concurrently, 
growing scholarly attention is directed toward low-cost electrification 
solutions. Representative approaches include powering rural loads 
through induced voltage technologies [22]. The expansive terrain and 
abundant sunlight in rural areas make them well-suited for PV devel
opment. The most prevalent application involves deploying solar panels 
on rooftops [23]. Agrivoltaics, which integrates PV systems with 
farming, livestock production, and forestry, enables simultaneous elec
tricity generation and can support crop or animal growth [24]. The rapid 
expansion of rural PV installations is underpinned by the growing 
maturity of PV power systems. Advances in weather modeling, pro
duction simulation, and typical scenario analysis have progressively 

enabled PV power to become a more predictable and controllable 
component of the energy supply [25262728]. In the context of rural 
development, the exploitation of biomass resources constitutes a critical 
factor that must not be disregarded. Agricultural waste can be converted 
into electricity through combined heat and power (CHP) systems, 
reducing carbon emissions while generating power [293031]. Given the 
generally lower electricity consumption in rural areas, microgrids are 
better suited to rural settings, offering lower costs while reducing losses 
associated with energy exchange [323334]. The field has since devel
oped more comprehensive approaches, including two-stage stochastic 
energy dispatch and economic evaluation methods [3536]. Further
more, numerous studies have conducted feasibility and reliability ana
lyses of microgrids across diverse regional contexts [373839]. However, 
temporal mismatches between electricity supply and demand remain a 
challenge, underscoring the importance of energy storage. To address 
this, an optimization model for analyzing battery degradation has been 
proposed in [40]. Contemporary investigations are primarily directed 
toward optimizing the strategic deployment of solar energy storage, 

Table 1 
Agricultural Electrification Technologies.

Ref. Year Research Focus Key Findings Use Category

[19] 2025 Consumption Patterns A combined approach of multidimensional scaling and mean clustering is employed to study electricity 
load usage patterns.

Grid Intelligent 
Optimization

[20] 2024 P2P energy exchange Energy exchange is conducted directly through a peer-to-peer (P2P)-based energy management 
framework.

[21] 2020 Forecasting optimization The model that integrates support vector regression with relevant meteorological features achieves the 
best performance.

[22] 2019 System Reliability The system can effectively utilize induced voltage to power rural loads.
[23] 2025 Typical Pattern Extraction A clustering model for extracting representative scenarios simultaneously accounts for photovoltaic power 

output and energy variability.
PV

[24] 2024 Agrovoltaic Impacts This study presents a systematic review of the impacts of agrivoltaic (APV) applications on crop yield and 
related factors.

[112] 2025 Weather The proposed deep SML model can simulate full-year photovoltaic power generation data.
[113] 2020 Agrivoltaic Marketing Highly efficient photovoltaic power generation is realized.
[25] 2025 Weather Data and knowledge integrated stochastic simulation of annual weather scenarios.
[26] 2024 Photovoltaic Time-Series 

Simulation
A generator capable of learning diverse styles and features from input data has been developed.

[27] 2024 Typical Pattern Extraction Representative photovoltaic generation scenarios are extracted to enhance optimization efficiency.
[28] 2025 Photovoltaic Forecasting Propose and validate a novel framework integrating high-resolution weather data with an adaptive Fourier 

graph neural network.
[29] 2024 Heating Supply The proposed model enables 100% renewable energy absorption in rural areas. Biomass Energy
[30] 2024 Power Generation Brazil’s abundant agricultural biomass is leveraged for power generation and electricity export.
[31] 2024 Biomass power utilization Bertoni’s biomass-based power generation meets local electricity demand and allows surplus power to be 

sold.
[32] 2025 Microgrid The system exhibits a net present value of USD 9.13 million per kWh and alongside a levelized cost of 

energy of 0.123 per kWh.
Microgrid 
Optimization

[33] 2025 Energy The current state of affairs regarding P2P energy resource sharing within rural communities.
[34] 2025 Dispatch A computationally efficient progressive hedging framework, specifically designed for addressing 

stochastic mixed-integer quadratic programming challenges, is introduced.
[35] 2023 Dispatch An optimal power allocation strategy for multi-objective optimization based on an improved Branch Flow 

Model (BFM) is proposed.
[36] 2023 Economic A probabilistic framework is introduced to facilitate the optimal capacity configuration and 

comprehensive techno-economic assessment of photovoltaic microgrids.
[114] 2021 Optimization Improved operational performance is achieved while reducing total harmonic distortion (THD) and 

enhancing power quality.
[115] 2020 Microgrid A systematic status analysis and recommendations for rural electrification in the Himalayan region are 

provided.
[37] 2020 Feasibility The hybrid configuration emerges as the preferred option, yielding a levelized cost of energy of $ 0.106 per 

kWh.
[38] 2019 Feasibility The hybrid configuration exhibits a levelized cost of energy of $ 0.217 per kWh, coupled with a notably 

low annual carbon footprint of merely 20.13 kg.
[116] 2019 System Reliability A microgrid design methodology based on a participatory process.

Ref. Year Research Focus Key Findings Use Category

[39] 2019 System Reliability The uGrid toolkit is extended to generate microgrid configurations that satisfy diverse reliability requirements. Microgrid 
Optimization[117] 2020 Optimization Compared with conventional flooding methods, it extends the lifetime of wireless sensor networks by 

approximately sixfold.
[40] 2025 Regulation Solar energy reserves are dynamically regulated in real time to provide a reliable energy supply for greenhouse 

climate management.
Energy Storage

[41] 2025 Optimization Longer battery life in decentralized systems reduces replacement frequency, thereby lowering maintenance 
costs.

[42] 2025 Hybrid Energy 
Storage

A completely dynamic hybrid energy storage system topology integrating lead-acid batteries and supercapacitors 
is developed.
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utilizing lead-acid and other battery technologies to prolong battery 
service life [4142].

In recent years, research on agricultural electrification has focused 
primarily on optimization and forecasting across diverse domains. 
Optimization strategies primarily focus on microgrid utilization, energy 
dispatch, reliability enhancement, and the lifespan extension of sensors 
and batteries. Forecasting research is largely concentrated on power 
generation prediction and photovoltaic output forecasting, among 
others. Despite these advancements, rural electrification still faces sig
nificant challenges. The performance of photovoltaic systems is highly 
region-specific, necessitating tailored strategies for different areas 
rather than universal solutions. Despite its high efficiency and envi
ronmental benefits, biomass power generation faces operational chal
lenges due to inconsistent feedstock availability. Further advancement 
of battery storage technology is also needed to reduce energy conversion 
losses. These issues represent key challenges for rural electrification.

2.2. Rural energy technologies

The following section presents a comprehensive survey of rural en
ergy system studies, centering on low-carbon transitions, energy access, 
storage solutions, and the integrated management of water, energy, and 
food resources. The purpose is to show how rural energy technologies 
are changing and how they support the development of the AEI. Table 2
highlights key studies on these topics and sets the stage for the analysis 
that follows.

Table 2 summarizes a survey of recent agricultural energy technol
ogies, while a thorough examination of these technologies is discussed in 
depth in the subsequent sections (see Table 2). Energy access plays a 
critical role in rural development, as agricultural energy poverty often 
negatively affects agricultural productivity [43]. Energy consumption 
influences rural economic outcomes, and studies have developed 
decoupling approaches to analyze this relationship [44]. Strategies such 
as optimizing the combination of agricultural inputs, promoting 

Table 2 
Rural Energy Technologies.

Ref. Year Research Focus Key Findings Use Category

[43] 2025 Energy Poverty The quantification of both direct and indirect transmission mechanisms through which agricultural 
energy poverty impacts farmers' profitability.

Energy and Economy

[44] 2025 Low Energy 
Consumption

Chinese agriculture has entered a low-energy consumption growth era (2018–2022).

[45] 2025 Cooperation Models A public–private partnership model for agricultural photovoltaic charging facilities incorporating 
subsidies for charging infrastructure and renewable energy has been established.

[46] 2025 Production Inputs The regional heterogeneity of key input factors in African sweet potato production is revealed.
[47] 2024 Policy Emphasizes the need to consider both economic behavior and structural factors when formulating 

energy-saving and emission-reduction strategies.
[48] 2025 Controlled Environment 

Agriculture
This study proposes a rigorous methodology, adopting a fuzzy optimization approach to formulate a 
multi-objective programming scheme that rigorously incorporates the mean-absolute semi-deviation 
criterion.

Optimization

[49] 2025 Time Delay An architectural framework is proposed, featuring a synergistic hybrid edge-cloud infrastructure 
designed to facilitate smart agriculture.

[50] 2025 Coordination An uncertain integrated optimization framework for crops and livestock farming.
[51] 2025 Dispatch A coordinated optimization framework for rural residential flexible loads is formulated, explicitly 

accounting for the aging effects of energy storage batteries in agricultural machinery.
[52] 2025 Dispatch A two-stage optimization scheduling method considering extreme temperature events is proposed.
[53] 2024 Consumption Investigate how to optimize greenhouse energy consumption using wind-solar hybrid microgrid 

systems.
[54] 2026 Porous Carbon New photovoltaic supercapacitors were made using porous carbon. Energy Transfer and Storage
[55] 2025 Phase Change Materials Thermal energy storage materials based on phase change, sourced from agricultural waste byproducts, 

are the focus of this study.
[56] 2026 Phase Change Materials Optimally designed phase change materials can significantly improve energy utilization efficiency.
[57] 2025 Flexible Load Mathematical models and battery life decay models for flexible energy-using devices are constructed.
[58] 2025 Energy Usage The use of non-renewable energy increases AGHG emissions. Carbon Emissions and 

Energy Consumption[59] 2025 Carbon Emissions CET policies have been found to significantly enhance AET.
[60] 2025 Low-Carbon Systematically reviews the sources of carbon emissions and reduction pathways in agriculture and food 

industries.
[61] 2025 Transition The paradigm shift from historical organic paradigms to high-input industrialized agricultural systems. Adaptation to Local 

Conditions[62] 2025 Organic Agri N-Energy Improving nitrogen use efficiency increases grain yields by 50% and reduces energy shortages by 20%.
[63] 2025 Biogas and Digestate Biogas and digestate are treated as interconnected components within a circular system.
[64] 2025 Biohydrogen The findings validate the substantial viability of generating biohydrogen and biogas through the 

utilization of Brazilian agro-industrial waste streams.

Ref. Year Research Focus Key Findings Use Category

[65] 2025 Land Use Quantifies the spatial overlap between operational solar facilities and agriculturally zoned lands of varying 
quality.

Contradictions and 
Coordination

[66] 2025 Planning Coupling water planning and evaluation tools with multi-objective particle swarm optimization.
[67] 2025 Coordination Synergistic development of food security, energy security, and low-carbon transformation.
[68] 2024 Coordination Developed a polygeneration system combining agrivoltaics with concentrated solar power.
[69] 2025 agrivoltaics It elucidates the effects of light, temperature, humidity, and soil microenvironments on crop growth and soil 

ecology.
[70] 2025 agrivoltaics It reveals the relationship whereby the shading effect of photovoltaic plants increases soil moisture and 

thereby alters dryland vegetation phenology.
[71] 2025 Market The risk transmission dynamics and interdependence between conventional fossil fuel and emerging 

renewable energy sectors.
Government Support

[72] 2025 Photovoltaics Willingness to pay for AV electricity is higher than traditional methods, requiring public financial 
incentives.

[73] 2025 Institutional 
Mechanisms

Long-term, reliable institutional support for farmers is necessary.

[74] 2025 Mechanization This study promotes energy transition in agricultural mechanization, reducing agricultural carbon 
emissions.
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public–private partnerships, and implementing targeted policies can 
enhance both productivity and energy utilization efficiency [454647]. 
With the growing reuse of agricultural waste and the rising prominence 
of carbon neutrality, agricultural energy systems are increasingly mov
ing toward intelligent and integrated operations. Diverse approaches 
have emerged, such as porous carbon derived from potato peels and 
phase change materials extracted from agricultural residues [484950]. 
These biomass-derived storage materials generally enable high energy 
utilization efficiency. However, the lifespan of these energy storage 
materials remains a critical consideration, as frequent replacement 
would significantly increase costs [51]. To enhance energy production 
efficiency while ensuring real-time process controllability, intelligent 
networks can be employed. Towards this goal, embracing a Cyber- 
Physical-Biological System management methodology can effectively 
lower operational costs.[52]. Building on this foundation, researchers 
have investigated methods to minimize latency in large-scale intelligent 
energy networks, thereby improving overall system efficiency [53]. 
Scholars have formulated an energy-economic architecture that employs 
a Fuzzy Multi-Objective Programming scheme based on Credible Mean- 
Absolute Semi-Deviation to boost energy efficiency. [5455]. Addition
ally, advanced algorithms are being deployed to jointly optimize energy 
dispatch and end-use consumption [5657]. Energy systems inevitably 
experience imbalances between supply and demand, making energy 
storage essential. Such approaches must also meet low-carbon re
quirements, given the inherent link between energy consumption and 
agricultural greenhouse gas emissions [58]. Given regional disparities in 
energy resources and development levels, pathways to achieve carbon 
neutrality can differ significantly [59]. Researchers have identified 
carbon emission sources and mitigation pathways in agriculture and the 
food industry, providing evidence-based recommendations for low- 
carbon transitions [60]. Regional-specific approaches are also essential 
for energy development, encompassing thermal energy, nitrogen utili
zation, biogas systems, and biohydrogen production [61626364]. The 
transition to smart rural energy systems faces specific challenges, 
including conflicts such as competition for land use or shading effects 
from photovoltaic installations on crop growth, as well as competition 
for water resources between hydropower generation and agricultural 
needs [6566]. Consequently, coordinated development is essential. 
Scholars have proposed innovative frameworks such as water-energy- 
food-carbon nexus systems and agrivoltaic multi-generation systems to 
address these conflicts [6768]. Higher PV array density in agrivoltaics 
systems generally leads to greater crop yield reduction, with light- 
demanding crops being the most adversely affected [6970]. To bal
ance agricultural productivity and PV power generation, PV arrays 
should be tailored according to crop characteristics—specifically plant 
height and shade tolerance—by adjusting array density, transparency, 
and tilt angle. Shade-tolerant crops are best paired with high-density, 
low-transparency PV arrays; tall or heat-tolerant crops benefit from 
tilted arrays with moderate density; and light-demanding crops require 
vertically oriented configurations that ensure sufficient light intercep
tion [686970]. International risks further complicate this landscape, as 
geopolitical tensions can disrupt imports of key biomass energy sources 
such as corn and ethanol [71]. Such supply disruptions highlight the 
importance of diversifying agricultural energy sources. Government 
subsidies for photovoltaics, renewable energy, and new-energy agri
cultural machinery are vital to reducing farmers’ production costs 
[727374].

In recent years, research related to rural energy systems has wit
nessed a surge in interest. This body of work is primarily concentrated 
on energy storage, optimization of energy utilization, biomass energy 
application, and decarbonization. The exploration of efficient conver
sion of rural waste into usable energy, coupled with the enhancement of 
energy efficiency, remains a prominent research hotspot. Furthermore, 
aligned with the global consensus on low-carbon environmental pro
tection, the pursuit of decarbonization has emerged as a critical 
imperative for future development.

2.3. Smart agriculture technologies

In this subsection, recent advancements in smart agriculture tech
nologies, including sensing systems, intelligent decision-support tools, 
automation algorithms, and cybersecurity frameworks are reviewed. It 
explains how digital and intelligent technologies are changing agricul
tural production and how these changes connect with the new AEI 
approach. Table 3 gives an organized summary of key studies in these 
areas, which will be discussed in the following sections.

The evolution of smart agriculture has spawned numerous research 
directions, with scholars contributing to its advancement from diverse 
perspectives. Table 3 presents a synopsis of recent smart agriculture 
technologies (see Table 3). Asia, though a latecomer to smart agricul
ture, has made remarkable strides in precision agriculture [75]. Re
searchers continue developing smart agriculture frameworks, exploring 
their evolution multi-prospectively; empirical studies have verified the 
great potential of AI, blockchain, and IoT in agricultural digitalization 
[76]. Three-dimensional modeling of agricultural sensors, systems, and 
algorithms enhances the automation and accuracy of agricultural phe
notyping [77]. Comprehensive investigations have been conducted on 
IoT and AI applications across pre-production, production, and post- 
production stages, improving agricultural efficiency and resource utili
zation [78]. Various sensors are being deployed for smart rural devel
opment [79]. Osmotic sensors are used for soil moisture monitoring, 
enhancing crop stress tolerance and water use efficiency [80]. Chloro
phyll fluorescence sensors assist in monitoring plant growth status [81]. 
Olfactory biosensors contribute to data acquisition and final decision- 
making processes [82]. Overall, precision agriculture demonstrates 
significant potential for enhancing productivity, reducing costs, and 
promoting environmental sustainability [83]. AI-controlled greenhouse 
systems optimize energy use for temperature regulation, thereby 
improving overall energy efficiency [84]. Mobile platforms optimize 
irrigation management via predictive algorithms using archival and 
instantaneous datasets [85]. Climate-smart agriculture functions as a 
mechanism for decision-informing strategies, offering guidance on 
evaluating compromises and synergies to direct farming methodologies 
[86]. Crop sensors monitor microenvironmental parameters (oxygen, 
humidity, nutrients) to support data-driven farming decisions [87]. 
Researchers have also conducted comprehensive reviews of positioning 
technologies for agricultural applications [88]. The advancement of 
materials science has further propelled the development of precision 
agriculture, with hydrogels playing a pivotal role in data acquisition, 
precise application of agrochemicals, and soil amendment. [89]. 
Quantum computing, with its parallel processing and high-speed capa
bilities, has been proposed to enhance crop monitoring accuracy and 
optimize resource utilization [90]. Beyond precision agriculture, crop 
protection is also undergoing an intelligent transformation. Weather 
prediction systems help farmers schedule irrigation and prevent heat 
damage to crops [91]. Active frost protection systems are deployed to 
safeguard overwintering plants from freezing damage [92]. The appli
cation of algorithmic optimization is helping to reduce the burden on 
agricultural practitioners through tasks such as fruit quality inspection, 
fruit recognition, and yield estimation [9394]. Similarly, weed identi
fication and removal—supported by dedicated datasets and algo
rithms—represent active research areas [959697]. Integrated 
frameworks that combine irrigation, pest, and frost alert systems have 
been developed to streamline farm management [98]. As digitalization 
advances, agricultural data security grows in importance. IoT- 
blockchain integrated systems are being designed to ensure trust
worthy traceability throughout agricultural supply chains [99]. A 
comprehensive threat classification framework spanning perception, 
network, edge, and application layers constitutes a frontier research 
topic [100]. Ultimately, the successful deployment of intelligent systems 
in farmland depends on farmers’ acceptance, which in turn hinges on 
government efforts to build trust in these technologies [101102103].

Recent telecom infrastructure advances drive intelligent farming 
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evolution; scholarly focus remains on precision agriculture, sensor 
optimization, and data security. It is noteworthy that precision agri
culture is inherently dependent on energy support, a role that the AEI is 
uniquely well-positioned to fulfill. However, contemporary precision 
agriculture systems are predominantly reliant on the main grid, whereas 
the indigenous rural microgrids enabled by AEI are rarely utilized. 
Future research should therefore focus on leveraging local photovoltaic 
or wind power to provide reliable and sustainable energy support for 
precision agriculture.

Through a comprehensive synthesis of three domains—agricultural 
energy, agricultural electrification, and smart agriculture—two signifi
cant gaps have been identified: firstly, the lack of a coherent and inte
grated framework; secondly, the scarcity of holistic reviews that trace 
the complete technological evolution and future trajectory of the AEI. 
The scholarly void becomes notably pronounced when examining the 
intersection of AEI and modern digitalization, including the Internet of 
Things and large-scale models.

3. Theoretical evolution and technology Stack of AEI

3.1. Roadmap Overview

The pathway outlined in this study synthesizes technological de
velopments across multiple countries and does not represent the 
evolutionary trajectory of any region’s AEI. The pace of development 
varies significantly across regions due to disparities in education, eco
nomic conditions, topography, resource endowments, and government 
policies. Nevertheless, the overarching direction is toward less labor- 

intensive practices, greater economic returns, and higher predictability.
Since John Froelich invented the first commercially viable liquid- 

fueled agricultural tractor in 1892, agriculture has progressively 
advanced toward automation and greater reliance on external energy 
inputs. In recent decades, these trends have converged in the emergence 
of the AEI concept, which can be broadly characterized as a transition 
from isolated, independently operated networks to highly integrated 
and interoperable systems. In the 21st century, as computer technolo
gies matured and the IoT concept achieved ascendancy, the Agricultural 
Internet materialized, facilitating granular surveillance, data-centric 
management strategies, and the remote operation of field activities. 
Researchers and practitioners have increasingly leveraged computing 
and communication technologies to enhance agricultural productivity, 
efficiency, and operational convenience. Following the introduction of 
the low-carbon economy in the 2003 Energy White Paper, various sec
tors initiated decarbonization transitions [104]. In agriculture, energy 
use has progressively shifted from fossil fuels such as diesel and gasoline 
toward clean, renewable alternatives, including solar and wind power. 
Concurrently, the focus of agricultural internet research has extended 
from merely improving efficiency to encompassing holistic modeling 
and systemic construction. (see Table 4 and Fig. 1).

Beginning around 2020, a growing body of work has explicitly in
tegrated agricultural energy systems with the Agricultural Internet, 
thereby formalizing and refining the AEI concept. A further surge in 
publications followed the introduction and broader adoption of large AI 
models in 2024. The concept of AEI has gradually become clearer: it is a 
synergistic system centered on the power grid that integrates commu
nications, energy, and agricultural production. Unlike rural 

Table 3 
Smart Agriculture Technologies.

Ref. Year Research Focus Key Findings Use Category

[75] 2025 Asia Analyzing the technical characteristics and application status of smart agriculture in Asia. Overview of Smart 
Agriculture[76] 2025 Synergistic 

Applications
The synergistic interaction among IoT, AI, and telecom infrastructures within the agricultural sector.

[77] 2024 3D Reconstruction A comprehensive summary of the selection and optimization of 3D reconstruction technologies in 
agricultural scenarios.

[78] 2024 System Framework Establishing a structured reference framework to guide smart agriculture strategies and facilitate system 
implementation.

[79] 2025 Monitoring Summarizing the advancements in sensors for monitoring physical, chemical, and biological signals. Sensors
[80] 2025 Osmotic Novel permeation sensors enhance crop resilience and water resource utilization efficiency.
[81] 2025 Fluorescence Chlorophyll fluorescence sensing technology optimizes agricultural management.
[82] 2025 Olfactory Exploring the applications of olfactory biosensors in agriculture.
[83] 2025 Current Status Identifying the progress of intelligent environments in digital agriculture and analyzing supporting 

technologies.
Precision Agriculture

[84] 2025 Greenhouse AI-supported smart greenhouse technologies.
[85] 2025 Irrigation Water usage is reduced by 30% compared to traditional irrigation methods.
[86] 2024 Climate Climate-smart agriculture encompasses mitigation, recovery, and production trade-offs.
[87] 2025 Data An autonomous measurement system using printed smart RFID tags.

Ref. Year Research Focus Key Findings Use Category

[88] 2025 Positioning A summary of positioning technologies in smart and precision agriculture. Precision 
Agriculture[89] 2025 Hydrogel Recent research advances in hydrogels for smart agriculture applications.

[90] 2024 Quantum 
Computing

Systematically reviewing the integration of quantum computing with smart agriculture, including current status, 
value, and bottlenecks.

[91] 2025 Weather The CAE-LSTMT model improves the accuracy of weather environment summaries. Crop Protection
[92] 2024 Frost Frost protection cyber-physical systems enhance canopy protection performance in apple orchards.
[93] 2025 Fruit Quality Comprehensive fruit quality assessment based on multimodal benchmarks. Algorithms
[94] 2025 Yield A computational approach leveraging visual data and deep learning-driven semantic segmentation for passion fruit 

yield forecasting.
[95] 2025 Weeds Innovative, dedicated weed control robotic approaches.
[98] 2025 Framework Proposing an edge-compatible end-to-end framework.
[96] 2024 Dataset Contributing high-fidelity datasets and rigorously evaluating the utility of super-resolution methodologies within the 

context of agricultural monitoring.
[97] 2024 Weeds Addressing the balance between real-time performance and accuracy for weed detection on embedded devices.
[99] 2024 Trusted Supply 

Chain
Proposing a smart agriculture security system combining IoT and blockchain. Security

[100] 2024 Cybersecurity Systematically reviewing cybersecurity issues in smart agriculture.
[101] 2025 Sustainability Machine learning-based technologies improve productivity and enhance sustainability. Promotion
[102] 2025 Consultation AEAS enhances farmers' acceptance of climate-smart coastal agricultural systems.
[103] 2024 Smart Glasses Attitudes, benefits, and compatibility directly influence agricultural practitioners' willingness to adopt smart glasses.
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microgrids—whose primary objective is to generate electricity from 
local energy resources—and distinct from smart agriculture—which 
aims to leverage computing technologies to enable precision farming for 
cost reduction and efficiency gains—AEI establishes a bidirectional 
empowerment framework wherein rural stakeholders function simul
taneously as both energy producers and consumers. In doing so, AEI 
elevates energy from a mere auxiliary support to an indispensable core 

component of agricultural systems, ultimately achieving a triadic 
coupling of energy, information, and agriculture. This integrated 
framework not only enables spatially rational planning but also allows 
dynamic, adaptive regulation of the entire system in response to diurnal 
and seasonal variations, thereby demonstrating exceptional multi-scale 
coordination capabilities.

The performance improvements enabled by AEI are substantial. For 

Table 4 
Summary of Milestones in the Evolution of the AEI.

Ref. Year Research Directions Objectives Description Application

[118119] 2025 Microgrid Greenhouse Optimal dispatch of microgrids AEI
[120105106] 2023–2025 Energy Distributed Systems 

and AI
Energy conservation and optimization

[121107122123] 2024 Microgrid Carbon Neutrality Cost reduction and promotion of 
carbon neutrality[108] 2023–2025 IOT

[124125126127] 2019–2024 Hybrid Power Generation Monitoring Power generation for monitoring 
equipment

[128] 2025 Irrigation Irrigation Application of AEI in irrigation Agricultural Energy Internet −
Lightweight Integration[129] 2020 Meteorology Security Internet security analysis

[130131] 2020–2022 Wireless Technology, 
Optimization

Energy Harvesting Power consumption reduction

Ref. Year Research Directions Objectives Description Application

[132133134135136137] 2008–2024 Sensors Optimization Lowering the barrier to sensor use, facilitating edge 
deployment of the agricultural internet

Agricultural 
Internet

[138139140141] 2019–2025 Data Acquisition, 
Transmission

Optimization Minimizing the power requirements for the collection and 
transmission of information

[142143] 2014–2022 Sensors, Communication 
Protocols

Irrigation Internet infrastructure for irrigation

[144] 2020 IOT Greenhouse Internet infrastructure for greenhouses
[145146147148149] 2013–2023 Renewable Energy Digital 

Optimization
Utilization of renewable energy and carbon neutrality Agricultural 

Energy
[150151152] 2021–2024 Hybrid Energy Agricultural 

Machinery
Application of various clean energy sources in agricultural 
machinery

[153] 2022 Energy Irrigation Energy foundation for irrigation

Fig. 1. Evolution Roadmap of the AEI.
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instance, facility agricultural load models grounded in crop growth 
physiology—accounting for lighting, irrigation, and heating—demon
strate higher computational accuracy than conventional models[105]. 
Co-optimization of greenhouses and photovoltaic systems achieves en
ergy cost savings under varying PV coverage ratios and across seasons, 
while fully satisfying crop growth requirements [106]. Multi-energy 
coordination models that explicitly incorporate plant growth dynamics 
effectively mitigate grid disturbances caused by source-load un
certainties and significantly reduce peak power fluctuations [107]. 
Furthermore, carbon-accounting-based co-optimization models inte
grating agriculture, energy, and environmental objectives simulta
neously lower long-term planning costs and deliver considerable carbon 
emission reductions [108]. AEI can indeed effectively enhance opera
tional efficiency and reduce time-related production costs.

3.2. Technical framework

The technological framework of the AEI has progressively matured, 
as illustrated in Fig. 2. Its architecture can be categorized into six 
functional layers: power generation, power transmission, data acquisi
tion, data transmission, data analytics, and application. it also outlines 
how these components interact to underpin energy-agriculture 
integration.

The bottom layer comprises the data acquisition and power gener
ation components. The data acquisition layer integrates heterogeneous 
sources, including sensors monitoring soil temperature, humidity, pH, 
light intensity, and CO2 concentration; imagery from drones and other 
devices capturing weather conditions, crop growth, and livestock 
health; operational data from agricultural machinery; and real-time 
operational data from distributed energy generation units. The power 
generation layer incorporates wind, photovoltaic, biomass (e.g., biogas, 

corn ethanol, wheat straw), algal bioenergy systems, and geothermal 
sources, forming a diversified renewable energy mix suitable for agri
cultural environments. Meanwhile, by-products generated during power 
production—such as biogas, residues, and nitrogen compounds—can be 
utilized for heating and composting.

The transmission layer includes both data and power transmission 
infrastructures. Data transmission is achieved through wired media (e. 
g., optical fiber, conventional cables) and wireless technologies. Wire
less communication is broadly categorized into distinct communication 
paradigms: one designed for proximity connectivity (such as Wi-Fi, 
Bluetooth, and ZigBee) and another for extended coverage (including 
NB-IoT and LoRaWAN). These technologies operate based on standard 
protocols, such as HTTP/HTTPS, MQTT, and other lightweight 
messaging architectures. The data transmission tier governs the move
ment of unprocessed data streams, originating at the physical stratum 
and destined for cloud-based infrastructure, which is fundamental for 
high-level analytics and strategic decision-making. Power transmission 
begins with grid-tied inverters at generation sites and integrates into 
microgrids through Flexible AC Transmission Systems, which help 
accommodate the inherent variability of agricultural energy generation 
due to weather and seasonal fluctuations. Concurrently, the power 
transmission system is responsible for power provisioning across the 
entire AEI. The framework incorporates all integral elements, spanning 
sensing and communication hardware, analytical processing, and ulti
mately the field machinery utilized at the application tier. Parallel to 
electric power transmission, energy pipelines—such as those for biogas 
distribution and nitrogen compound storage—are also integral compo
nents of the system.

Functioning as the primary processing engine for the AEI, this 
component is driven by large-scale data processing and AI. It enables 
data storage and visualization, weather forecasting, anomaly detection, 

Fig. 2. Technological Framework of the AEI.

X. Zhang et al.                                                                                                                                                                                                                                   Information Processing in Agriculture xxx (xxxx) xxx 

8 



early warning and protection against system failures or agricultural di
sasters, decision support, demand response management, flexible load 
dispatch, and energy-efficiency optimization. Functions such as disaster 
early warning, fault recovery, and cybersecurity protection significantly 
enhance the overall system resilience of AEI. Key enabling technologies 
include computer vision, natural language processing, simulation 
modeling, and various algorithmic optimization methods, with the latter 
being the most common approach for enhancing application 
performance.

The application layer synthesizes all underlying technologies to 
deliver end-to-end AEI services. It encompasses major smart farming 
applications such as intelligent irrigation, greenhouse operations, live
stock management, and crop cultivation; operational support for agri
cultural machinery, including harvesters, threshers, and tractors; and 
energy management functions such as storage of surplus electricity, 
battery energy storage systems, and optimized dispatch and consump
tion of surplus energy. Together, these applications constitute the 
functional interface through which AEI capabilities are realized in real- 
world agricultural settings.

The comprehensive data lifecycle framework for the AEI originates 
from the sensor layer, followed by routing unprocessed data streams to 
the cloud infrastructure, destined for thorough evaluation. This process 
fundamentally involves two critical stages: data preprocessing and 
multi-modal data fusion. Specifically, data preprocessing encompasses 
operations such as data cleaning and feature extraction, whereas data 
fusion involves spatio-temporal alignment and coupling modeling. The 
processed data is then fed into a synergetic edge-cloud architecture to 
facilitate practical applications. Within this architecture, the system is 
continuously refined and optimized through advanced algorithms, 
including multi-time-scale rolling optimization strategies and multi- 
objective coordinated optimization strategies.

3.3. Technical framework

To comprehensively evaluate the integrated performance of AEI, this 
review establishes an assessment framework encompassing four broad 
dimensions: energy, agriculture, information, and ecology (see Table 5). 
Given the vast scope of AEI’s overall technical architecture, the pro
posed criteria are necessarily macroscopic. More granular evaluation 
metrics can be found in specialized review articles focusing on indi
vidual subsystems.

From an energy perspective, the core indicators are the energy self- 
sufficiency rate and the curtailment rate, which jointly define the stan
dard for assessing energy production efficiency. The former represents 
the proportion of electricity generated by the AEI system relative to total 
consumption, while the latter refers to the unused portion of the 
generated electricity. Beyond these, additional energy-related metrics 
include power supply reliability—reflecting the probability of normal 
system operation and robustness against failures—round-trip efficiency 
of energy storage systems, commonly used to evaluate conversion losses 

during charging and discharging, and distributed energy penetration, 
defined as the share of AEI-installed capacity in the total system 
capacity.

In the agricultural dimension, greater emphasis is placed on pro
duction efficiency, particularly input–output ratios such as yield per unit 
area and water-fertilizer use efficiency. Yield per unit area measures 
crop output relative to land use, while water-fertilizer use efficiency 
quantifies output relative to the amount of water and fertilizer 
consumed; together, they indicate whether AEI effectively enhances 
agricultural productivity while reducing resource inputs. Other relevant 
agricultural indicators include the proportion of high-quality produce, 
which reflects AEI’s impact on product quality; agricultural machinery 
operational efficiency, indicating whether AEI reduces field operation 
time; and resilience to extreme weather events, which assesses the sys
tem’s robustness under climatic stressors.

The information systems dimension emphasizes system reliability, 
with key metrics including end-to-end latency, packet loss rate, and data 
credibility. The first two are fundamental considerations for any infor
mation system, representing respectively the time delay between 
transmission and reception of data and the proportion of lost packets 
relative to total data volume. Data credibility, by contrast, varies across 
models and is typically quantified through model-specific weighted 
confidence scores. Additional relevant indicators include fault recovery 
time, alarm accuracy, decision response efficiency, and robustness 
against cyberattacks.

The ecological dimension evaluates performance through perspec
tives such as carbon sequestration rate, resource recycling efficiency, 
and biodiversity. Net carbon sequestration rate—defined as the differ
ence between the amount of carbon sequestered by the agricultural 
system and the total carbon emissions across its full life cycle—provides 
an integrated measure of the system’s net carbon footprint. Resource 
recycling efficiency encompasses water, waste, photovoltaic compo
nents, and other materials, expressed as the ratio of reusable portions to 
their total volume. Biodiversity assessment spans croplands, forestry, 
fisheries, wetlands, and related ecosystems. Furthermore, soil ecological 
health and organic matter content are also critical indicators within this 
dimension.

4. Coupling Analysis: Agricultural informatization and 
electrification

This section presents the conceptual framework of the AEI, clarifying 
its overall structure, key functional components, and the relationships 
that enable energy–information integration in agricultural settings. The 
framework provides the foundation for understanding how AEI supports 
smart agriculture, renewable energy utilisation, and coordinated rural 
development. To situate the proposed approach within the broader 
system design, Fig. 3 illustrates the core structure of the AEI and its 
multi-layer functional relationships.

The concept of the IoT is now widely referenced across various fields, 

Table 5 
Evaluation Metrics for the AEI.

Dimension Indicator Name Unit Calculation Method Optimization 
Direction

Energy Energy Self-sufficiency 
Rate

% Renewable Energy Generation / Total Electricity Consumption ×100% Increase

Energy Power Curtailment Rate % Curtailed Electricity Volume / Total Renewable Energy Generation ×100% Decrease
Agriculture Yield per Unit Area kg/m2 Total Yield / Cultivated Area Increase
Agriculture Water Use Efficiency kg/m3 Yield / Irrigation Water Consumption Increase
Information Time Delay ms Treception− Ttransmission Decrease
Information Packet Loss Rate % Number of Lost Data Packets During Transmission 

/Total Number of Transmitted Data Packets × 100%
Decrease

Information Data Credibility (0-1) Non-standardized indicator, subject to the applied credibility evaluation model Increase
Ecology Waste Utilization Rate % Volume of Reused Waste / Total Waste Generation × 100% Increase
Ecology Net Carbon Sequestration 

Rate
tCO2e / ha / 
yr

Carbon Sequestration by Agricultural Soil / Vegetation − Life −
cycle Carbon Emissions of the System

Increase
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including agriculture. Unlike conventional IoT environments, agricul
tural systems possess the unique capability to generate and regulate 
their own energy, creating a tightly interdependent relationship be
tween informatization and electrification. Understanding this coupling 
is therefore essential for analyzing the operational logic of AEI. Illus
trated in Fig. 3, this comprehensive framework is segmented into 
distinct functional modules: a perception layer, a terminal execution 
layer, a power generation layer, a cloud platform, and two supporting 
networks—a communication network for data transmission and an en
ergy network for power delivery.

Perception Layer: Comprising sensor networks and video monitoring 
systems, this layer collects environmental, biological, and operational 
data and transmits it to the cloud platform for analysis. Traditionally, 
sensors relied on batteries, leading to frequent and labor-intensive 
replacement cycles. This limitation can be mitigated by interfacing 
sensor nodes with the microgrid for direct power supply. Moreover, 
manual data retrieval via memory cards has been replaced by short- 
range communication protocols that aggregate and batch-transmit 
data to the cloud. The deployment of agricultural robots for data 
collection further exemplifies the integration of electrification and 
informatization.

Terminal Execution Layer: Consisting of diverse agricultural ma
chinery, this layer serves as the primary electrical load and the main 
executor of farming operations. The cloud platform analyzes multi- 
source collected data to generate operational decisions, which are 
implemented by these machines — for example, irrigation, greenhouse 
lighting control, fertilization, and plowing. The timing of machine 
operation and associated energy consumption requires intelligent co
ordination by the cloud platform. The coupling of real-time decision- 
making and electrified machinery, therefore, constitutes a key interface 
between informatization and electrification.

Power Generation Layer: This component supplies electricity to all 
other system elements, and itself requires cloud-based management. For 
instance, mismatches between peak energy generation periods and peak 
power demand from agricultural machinery necessitate flexible load 

management by the cloud, which stores surplus energy in storage sys
tems during high-generation periods and releases it during high-demand 
periods. Through this coordinated scheduling, the AEI achieves fine- 
grained matching of renewable generation profiles with agricultural 
operational requirements, thereby improving energy efficiency.

Cloud Platform: Serving as the computational core of the AEI, the 
cloud platform enables data-driven decision-making, intelligent control, 
and system-wide visualization. It aggregates information from the 
perception, execution, and generation layers to construct a unified 
situational awareness framework. Leveraging big data analytics and 
advanced algorithms, the cloud determines optimal operating schedules 
for agricultural machinery and identifies opportunities to enhance 
power generation efficiency. This tight integration of analytics, opti
mization, and coordinated control of terminals and generation systems 
forms the core intelligence of the entire architecture.

Coordinated operation among the various components of the AEI 
system relies fundamentally on multi-time-scale control. This necessity 
arises from the intrinsic temporal disparities within the system: sensor 
nodes generate data continuously, while the power generation layer 
operates on a millisecond-scale; in contrast, agricultural machinery ex
hibits intermittent power demand. A primary challenge in the cyber- 
physical integration of such systems lies in the matching of energy 
generation and consumption profiles. This is exemplified by the para
digm of smart irrigation. Typically, PV generation peaks at noon; how
ever, irrigation activities must often be scheduled during periods of 
lower irradiance. Consequently, this requires the strategic extraction 
and storage of water, as well as surplus electricity, during generation 
peaks, for subsequent utilization during irrigation windows. Crucially, 
this process involves extensive data acquisition from the sensor layer, 
necessitating robust validation mechanisms to ensure data authenticity 
and avoid erroneous judgments.

5. Three frontier directions

This section elaborates on three cutting-edge research directions in 

Fig. 3. The Coupling of Agricultural Informatization and Electrification.
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the AEI: (1) weather forecasting to mitigate the uncertainty associated 
with photovoltaic power generation, (2) electrochemically enhanced 
efficient carbon capture, and (3) small-scale power generation tech
nologies based on fallen leaves.

5.1. Weather-DiT: A diffusion Transformer (DiT)-Based framework for 
stochastic weather Sequence generation in photovoltaic system planning

The core processing flow of the proposed Weather-DiT model is 
illustrated in Figure.

In photovoltaic system planning, accurate simulation of long-term 
weather sequences is crucial for assessing power generation uncer
tainty. In response to the aforementioned issue, we introduce Weather- 
DiT, a novel generative architecture grounded in the diffusion Trans
former paradigm [109]. Fig. 4 depicts the model’s core processing logic. 
The architecture disaggregates historical meteorological record
s—specifically direct and diffuse solar irradiance as well as ambient 
temperature—into trend and seasonal elements, a process which is 
crucial for enhancing the forecasting capability regarding extended 
temporal patterns. The Transformer decoder is particularly re- 
architected to incorporate dedicated trend and seasonal modules. 
These modules explicitly model long-term trends and periodic patterns 
in weather data through polynomial fitting and Fourier transforms, 
respectively, ensuring the physical plausibility of generated sequences at 
annual and daily scales.

The predictive technology provides weather forecast data, which 
further facilitates the forecasting of PV power generation intensity and 
peak values. Within the AEI, this enables informed decision-making to 
utilize clean energy generated from agricultural activities to power 
agricultural machinery. Accurate power generation forecasts offer 
robust support for flexible load management and significantly facilitate 
the implementation of multi-time-scale control strategies. We anticipate 
that this predictive technology will be characterized by higher accuracy 
and timeliness, while simultaneously exhibiting lower computational 
overhead.

Optimization is performed via a dual-domain cost metric; this 
objective quantifies the divergence between synthetic meteorological 
sequences and empirical observations. By jointly optimizing frequency- 
domain characteristics and temporal distributions, this loss function 
ensures the statistical consistency of generated scenarios with historical 
data. This technique provides power system planners with abundant, 
diverse, and credible annual photovoltaic power generation scenarios. 
These scenarios are not simple reproductions of historical records, yet 
they preserve essential climatic characteristics. This approach greatly 
supports reliability analysis, capacity configuration, and operational 
simulation of photovoltaic power systems.

5.2. Electrochemical regeneration technology for carbon capture via 
porous Solid-Electrolyte (PSE) reactor

The complete electrochemical regeneration process is shown in 
Fig. 5.

In conventional carbon capture cycles, the regeneration of absor
bents and recovery of CO2 represent the most energy-intensive pro
cesses. Thermal regeneration methods require substantial heat input, 
posing challenges for large-scale deployment under strict low-carbon 
constraints. Against this backdrop, an advanced one-step electro
chemical regeneration technique has emerged. This technique employs a 
modular PSE reactor to directly recover CO2 and regenerate alkaline 
absorbents from carbonate/bicarbonate solutions [110]. Fig. 5 presents 
the complete process schematic. Specifically applied in carbon capture 
scenarios, it processes sodium bicarbonate/carbonate solutions formed 
after CO2 absorption. Leveraging electrochemical processes such as 
proton reduction and reversible electron transfer, the PSE reactor fa
cilitates selective partitioning of the feedstock. This mechanism operates 
by simultaneously producing a sodium hydroxide absorbent within the 
cathodic compartment while releasing high-purity carbon dioxide at the 
functional layer.

The entire process consumes no chemical reagents and produces no 
byproducts. The system's distinguished operational characteristics are 
characterized by exceptional Na+ conduction efficiency, with a trans
port number approaching 90%, alongside stable sequestration perfor
mance maintaining approximately 90% retention. Furthermore, 
minimal energy expenditure was observed—specifically 50 kJ mol− 1 
and 118 kJ mol− 1—under operational conditions ranging from 1 mA 
cm− 2 to 100 mA cm− 2 in bicarbonate media. The methodology exhibits 
remarkable durability over extended operational periods (>100 h), 
while simultaneously reaching a carbon regeneration throughput of 
approximately 18 mmol cm− 2h− 1, which is characteristic of industrial 
benchmarks, under high-rate operating conditions approaching 1 A 
cm− 2. This efficient, low-energy carbon capture solution provides robust 
support for closing the carbon cycle and achieving emission reduction 
targets.

The AEI aims to supply power to agricultural equipment using clean 
and renewable energy sources. Furthermore, a transition toward low- 
carbon development is an inevitable trend across all industries. Conse
quently, if the operation of the AEI inadvertently generates excess car
bon dioxide (CO2), stringent measures must be taken to recapture these 
emissions. Process Systems Engineering methodologies are particularly 
well-suited for this challenge, as they offer efficient solutions to CO2 
sequestration.

Fig. 4. FP Loss and Transformer.
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5.3. Fallen-Leaf-Based hygroelectric generator for sustainable energy 
harvesting

The detailed fabrication procedure and the resulting hygroelectric 
generation mechanism are presented in Fig. 6.

Leveraging natural fallen leaves as a biodegradable, low-cost sub
strate, an efficient hygroelectric energy conversion structure can be 
fabricated through multi-step precision processing [111]. Fig. 6 illus
trates the detailed fabrication process. The leaf substrate is first bleached 
to remove surface wax and partial lignin, enhancing its hydrophilicity 

Fig. 5. Sensing and Water Conservation.

Fig. 6. Hygroelectric Power Generation and Electric Double Layer Formation.
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and structural permeability. It is then immersed in a carbon black 
dispersion, allowing uniform deposition of carbon black particles on 
both the surface and internal pores to establish excellent electrical 
conductivity. A hygroscopic iron-ion hydrogel is unilaterally coated, 
providing both strong moisture absorption and ion conduction capa
bilities. The natural vein structure of the leaf acts as a physical barrier, 
forming a stable and durable transmembrane moisture gradient. Upon 
absorbing atmospheric humidity, the hydrogel swells and releases iron 
ions. These ions migrate toward the drier conductive side under the 
driving force of the moisture gradient, interacting with functional 
groups on the carbon black surface to form a stable electric double layer. 
When connected to an external circuit, the directional movement of 
charges in the double layer generates a continuous electric current. 
Ambient moisture continuously rehydrates the hydrogel, maintaining 
gradient stability and enabling sustained power generation.

Operating at 25 ◦C with 75% relative humidity, the prototype sus
tains a consistent electrical current output of 49 μA cm− 2; simulta
neously, it generates a volumetric power output that reaches 497  μW 
cm− 3. It demonstrates excellent long-term stability, operating continu
ously for over 240 h. By connecting 36 device modules in series–parallel 
configurations, a stable voltage exceeding 13  V can be achieved, suffi
cient for powering small electronic devices. This approach provides a 
low-cost, environmentally benign, and sustainable energy solution for 
self-powered wearable devices and IoT nodes, significantly broadening 
the practical scope of humidity-driven energy harvesting technologies.

Within the holistic architecture of the AEI, information acquisition is 
fundamentally dependent on the underlying sensor network. Conse
quently, ensuring stable power supply for these sensors while mini
mizing maintenance frequency—specifically, reducing the frequency of 
sensor replacement—has emerged as a critical research direction. Leaf- 
inspired moisture-enabled electricity generation technology precisely 
addresses this need by satisfying three pivotal requirements: operational 
stability, low cost, and environmental sustainability. In the trajectory of 
future AEI research, the pursuit of low-cost and stable power provi
sioning for pervasive sensing nodes in AEI remains a paramount scien
tific challenge.

6. Integrative role of AEI in enabling smart agriculture

The widespread adoption of agricultural machinery has intensified 
demands for both cost-effective and stable energy supplies. High-power 
systems—such as greenhouses, irrigation equipment, and controlled- 
environment facilities—constitute a significant share of smart agricul
ture’s energy footprint. While grid electricity often incurs higher oper
ational costs and suffers from vulnerability to long-distance transmission 
constraints, microgrids that integrate photovoltaic, wind, and biogas 
generation offer a more economical and resilient alternative. The AEI 
relies on localized, distributed renewable generation to eliminate 
transmission losses and ensure a reliable, self-sufficient power supply. 
During grid failures caused by extreme weather events such as hurri
canes, these localized microgrids operate autonomously, thereby 
ensuring uninterrupted functionality of critical agricultural infra
structure—including smart greenhouses—and enhancing system-level 
resilience. Leveraging its internet-like, cyber–physical–energy archi
tecture, the AEI enables researchers and practitioners to develop adap
tive algorithms that dynamically adjust generation profiles in 
accordance with time-varying agricultural electricity demand. Excess 
electrical energy can either be injected into the primary utility network 
or sequestered within decentralized storage units to be utilized during 
subsequent demand cycles.

Simultaneously, the AEI employs multi-source energy data to refine 
agricultural decision-making. For instance, by analyzing photovoltaic 
generation forecasts, high-energy-consumption tasks can be scheduled 
during peak sunlight hours to maximize solar utilization and reduce 
fossil fuel dependence. During peak consumption periods coupled with 
solar generation deficits, alternative supply channels, including wind 

and geothermal infrastructures, can mitigate the shortfall, whereas the 
utilization of energy-intensive apparatus may be curtailed. The inte
grated energy supply from microgrids enables precise scheduling of 
agricultural operations—such as water storage at midday and irrigation 
in the afternoon. Agro-industrial byproducts, encompassing crop resi
dues and animal excreta, serve as a feedstock for bio-methane produc
tion via microbial fermentation processes; alternatively, they can be 
densified into solid biofuels. These resources can provide thermal energy 
for agricultural facilities while generating electricity for the microgrid. 
The resulting digestate can be returned to fields as organic fertilizer, 
fully leveraging the circularity and synergistic potential embedded 
within the AEI.

AEI is expected to permeate the entire agricultural production cycle, 
and key stakeholders—including rural practitioners, cooperative enter
prises, and government entities—must be explicitly considered. The 
long-term viability of AEI hinges not only on technological factors but 
also on human dimensions such as willingness to adopt, operational and 
maintenance capacity, and willingness to pay, all of which require 
supportive institutional mechanisms. Farmers’ and cooperatives’ adop
tion decisions are rarely driven solely by technical sophistication; rather, 
they are shaped by a confluence of factors including expected benefits, 
risk perception, and levels of trust. Operational and maintenance ca
pacity serves as a critical enabler for the sustained and stable func
tioning of AEI systems, while willingness to pay directly determines 
their economic feasibility. In the absence of equitable cost-sharing ar
rangements and well-designed subsidy policies, relying solely on market 
forces to deploy AEI services will inevitably constrain both the scal
ability and long-term sustainability of such initiatives due to limited 
farmer payment capacity.

Current research remains relatively fragmented, with many studies 
focusing narrowly on isolated aspects such as the energy internet, smart 
agriculture, agricultural energy utilization, or microgrids. Only a limited 
body of work has sought to integrate these components into a unified 
AEI framework that fully leverages the capabilities of contemporary 
high-performance computing, advanced optimization, and artificial in
telligence. Under the urgent global imperative for decarbonization, the 
integration of clean and efficient agricultural energy systems represents 
a crucial pathway forward. Future research is expected to advance to
ward solutions that are low-carbon, more energy-efficient, intelligent, 
cost-effective, scalable, and broadly applicable.

7. Conclusions

This paper has systematically elaborated on the evolution, techno
logical foundations, and emerging research frontiers of the AEI. A 
structured literature review was first conducted across three founda
tional domains: agricultural electrification, agricultural/rural energy 
systems, and smart agriculture. The analysis highlights recent ad
vancements in each domain, demonstrating their increasing conver
gence with internet-based technologies. The integration of the IoT and 
AI is identified as a key enabler for AEI development. The study traces 
the historical progression of the AEI, chronicling its evolution from 
traditional hydrocarbon-reliant infrastructures to sustainable energy 
paradigms, and further to cloud platform-managed energy internet 
systems. This evolution has proceeded in tandem with that of agricul
tural internet systems, jointly advancing the realization of smart agri
culture. A detailed examination of key technologies is presented through 
a layered architecture: data acquisition, transmission, cloud, and ter
minal execution layers. Continuous innovations in sensor technology 
and power generation at the data acquisition layer are discussed, 
alongside supporting advances in monitoring and transmission systems. 
More rapid developments are observed at the cloud layer, where 
emerging digital twin frameworks and large AI models significantly 
enhance the forecasting accuracy and responsiveness of the AEI. Com
plementary technologies at the terminal layer are evolving toward 
improved energy efficiency and machinery performance. It presents the 
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core evaluation benchmarks for AEI. Finally, three frontier research 
directions for the AEI are introduced: weather forecasting approaches 
designed to mitigate uncertainty in photovoltaic power generation, 
electrochemically enhanced efficient carbon capture, and small-scale 
power generation technologies based on fallen leaves. Together, these 
directions illustrate the expanding interdisciplinary scope of AEI 
research and its potential to contribute to sustainable, efficient, and 
intelligent agricultural systems.

Although this study systematically outlines the technological 
framework and evolutionary trajectory of the AEI, certain inherent 
constraints remain. This review primarily synthesizes the nascent field 
of AEI based on literature pertaining to smart agriculture, agricultural 
energy, and related fields. However, acknowledging the inherent 
subjectivity and potential biases involved in the synthesis process, we 
can only assert with confidence that AEI is evolving toward the para
digms of integrated big data, data modeling, and low-carbon 
development.
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