
Journal Pre-proof

Artificial intelligence for climate change mitigation and adaptation: A
domain-structured review of methods, applications, and research gaps for
seven high-impact domains

L. Minh Dang, Sufyan Danish, Muhammad Fayaz, Gul E. Arzu,
Andy Nguyen, Hyoung-Kyu Song, Hyeonjoon Moon

PII: S0957-5820(26)00719-6
DOI: https://doi.org/10.1016/j.psep.2026.109102
Reference: PSEP 109102

To appear in: Process Safety and Environmental Protection

Received date : 25 January 2026
Revised date : 16 April 2026
Accepted date : 3 June 2026

Please cite this article as: L.M. Dang, S. Danish, M. Fayaz et al., Artificial intelligence for climate
change mitigation and adaptation: A domain-structured review of methods, applications, and
research gaps for seven high-impact domains. Process Safety and Environmental Protection
(2026), doi: https://doi.org/10.1016/j.psep.2026.109102.

This is a PDF of an article that has undergone enhancements after acceptance, such as the addition
of a cover page and metadata, and formatting for readability. This version will undergo additional
copyediting, typesetting and review before it is published in its final form. As such, this version is
no longer the Accepted Manuscript, but it is not yet the definitive Version of Record; we are providing
this early version to give early visibility of the article. Please note that Elsevier’s sharing policy for
the Published Journal Article applies to this version, see: https://www.elsevier.com/about/policies-
and-standards/sharing#4-published-journal-article. Please also note that, during the production pro-
cess, errors may be discovered which could affect the content, and all legal disclaimers that apply to
the journal pertain.

© 2026 Published by Elsevier Ltd on behalf of Institution of Chemical Engineers.

https://doi.org/10.1016/j.psep.2026.109102
https://doi.org/10.1016/j.psep.2026.109102
https://www.elsevier.com/about/policies-and-standards/sharing#4-published-journal-article
https://www.elsevier.com/about/policies-and-standards/sharing#4-published-journal-article


Journal Pre-proof

Revised manuscript (unmarked, editable source file) Click here to view linked References

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
ofArtificial Intelligence for Climate Change

Mitigation and Adaptation: A Domain-Structured
Review of Methods, Applications, and Research

Gaps for Seven High-Impact Domains

L. Minh Dang1,2,3, Sufyan Danish4, Muhammad Fayaz4,
Gul E Arzu4, Andy Nguyen5, Hyoung-Kyu Song3,

Hyeonjoon Moon4*

1Institute of Research and Development, Duy Tan University, Da Nang,
550000, Vietnam.

2Faculty of Information Technology, Duy Tan University, Da Nang,
550000, Vietnam.

3Department of Information and Communication Engineering and
Convergence Engineering for Intelligent Drone, Sejong University,

Gwangjin-gu, 05006, Seoul, South Korea.
4*Department of Computer Science and Engineering, Sejong University,

Gwangjin-gu, 05006, Seoul, South Korea.
5School of Engineering, University of Southern Queensland, Springfield,

QLD, 4300, Australia.
6Department of Architectural Engineering, Sejong University,

Gwangjin-gu, 05006, Seoul, South Korea.

*Corresponding author(s). E-mail(s): hmoon@sejong.ac.kr;

Abstract
Artificial intelligence (AI) offers transformative potential for climate change mit-
igation and adaptation, yet the rapid advancement of machine learning (ML)
and deep learning (DL) methods has outpaced systematic efforts to organize and
evaluate them. Following a rigorous multi-stage screening protocol, we developed
a domain-driven taxonomy spanning seven sectors: energy and carbon man-
agement, buildings and cities, transportation, industry, agriculture, ecosystem
conservation, and weather and disaster forecasting, synthesizing task typologies,
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representative algorithms, benchmark datasets, and case studies for each. Results
show that DL dominates forecasting and monitoring applications, while hybrid
and physics-informed approaches remain underutilized. Energy and emission-
related mitigation studies are well represented, whereas hydrological systems,
ecosystem resilience, and compound hazard prediction remain comparatively lim-
ited. Key challenges include data scarcity, uncertainty quantification, and limited
transferability to diverse regions and climatic conditions. Unlike prior domain-
specific surveys, this review unifies all seven sectors under one taxonomy while
explicitly linking technical applications to socio-technical challenges including
bias, interpretability, and AI’s own carbon footprint, providing researchers and
practitioners with an actionable framework for responsible climate AI.

Keywords: climate change, artificial intelligence, machine learning, deep learning,
carbon footprint

1 Introduction
Climate change, which represents the most urgent global challenge of the 21st cen-
tury, demands immediate and transformative action (Abdulameer, Al Maimuri, Nama,
Rashid, & Al-Dujaili, 2025; Kaack et al., 2022). The Intergovernmental Panel on Cli-
mate Change (IPCC) warns that the window to limit global warming to 1.5 °C above
pre-industrial levels, a threshold critical for avoiding irreversible ecological and soci-
etal harm, is rapidly closing, with only a narrow timeframe remaining to implement
effective measures (Kikstra et al., 2022). Exceeding this threshold risks catastrophic,
irreversible consequences, including intensifying extreme weather events, accelerated
sea-level rise, and large-scale ecosystem collapse (Abbass et al., 2022). While existing
literature proposes strategies to reduce climate change impacts, these approaches are
increasingly undermined by the accelerating severity of climate disruptions. Therefore,
there is an urgent need to develop proactive, adaptive frameworks capable of antici-
pating, analyzing, monitoring, and mitigating escalating climate risks. This includes
advancing predictive modeling, integrating real-time data systems, and designing
scalable solutions that address both immediate threats and long-term uncertainties.

Artificial intelligence (AI) has emerged as a powerful tool for accelerating climate
change mitigation and adaptation, with machine learning (ML) and deep learning
(DL) driving transformative advances in mitigation and adaptation (L. Chen, Chen,
et al., 2023). By analyzing high-dimensional datasets from satellites, sensor networks,
and climate models, AI systems enable scalable, real-time solutions, including extreme
weather prediction, renewable energy grid optimization, and deforestation monitoring
(de Souza et al., 2022; K. Guo et al., 2020; Saha et al., 2020). These capabilities signif-
icantly enhance climate modeling precision, pinpoint emission sources, and quantify
localized risks (e.g., temperature escalation, sea-level rise, and ecosystem collapse),
generating actionable insights for policymakers on cascading threats like intensified
storms and biodiversity loss (Amiri, Heidari, & Navimipour, 2024; L. Chen, Chen, et
al., 2023). However, current AI applications predominantly address short-term fore-
casting, leaving a critical gap in long-term strategic planning. To exploit AIs full
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potential for sustainable climate futures, the emerging field of climate informatics
(Informatics, 2025) demands urgent investment in foundational research, particularly
in integrating physical climate processes with DL architectures and developing robust
uncertainty quantification (UQ) for long-term planning.

1.1 Prior surveys and gaps
Table 1 summarizes key existing surveys on AI applications for climate change, high-
lighting their principal contributions and describing how they cover complementary
aspects of the landscape. Amiri et al. (2024) provide a systematic review of machine
learning (ML) and deep learning (DL) applications for climate-change mitigation
across six domains, including ecosystems, industry, buildings, transportation, agricul-
ture, and hybrid systems, while introducing a taxonomy of DL methods evaluated
on accuracy, scalability, and interpretability. Focusing on food security, (Karanth,
Benefo, Patra, & Pradhan, 2023) concentrate on AI-driven prediction of climate-
induced microbiological risks along the farm-to-fork chain. Moreover, they emphasize
the integration of diverse data streams (satellite imagery, microbial assays, and supply-
chain data) and discuss associated social, ethical, and legal constraints. In the area
of governance and ethics, (Cowls, Tsamados, Taddeo, & Floridi, 2023) examine AI’s
potential to enhance understanding of climate phenomena and mitigation strategies,
quantify the technology’s carbon footprint, assess ethical risks, and propose thirteen
policy recommendations focused on EU governance. Broadening the scope to infras-
tructure, (L. Chen, Chen, et al., 2023) survey AI-based solutions in energy, agriculture,
and the built environment, emphasizing integration with IoT and big-data platforms
while providing quantitative impact estimates. Finally, Kaack et al. (2022) provide
a foundational framework that categorizes ML’s impact on greenhouse gas (GHG)
emissions, identifies research and data gaps, and proposes policy measures to drive
emission reductions. Collectively, these works underscore the multifaceted nature of AI
in climate change mitigation, ranging from technical taxonomies to ethical governance
and sector-specific deployment.

This survey distinguishes itself from existing literature by addressing three crit-
ical gaps through the following extensions. First, it covers a comprehensive range
of domains: energy, agriculture, industry, transportation, infrastructure, ecosystem
conservation, and disaster forecasting. Crucially, weather/disaster forecasting and
ecosystem conservation are not treated as additional sectors but as central pillars of
climate resilience, as they directly govern exposure to extreme events and the stability
of long-term ecosystem services (Eddamiri, Bassine, Hakam, Kambiet, & Chehbouni,
2025; Silvestro, Goria, Sterner, & Antonelli, 2022). By jointly examining monitoring,
adaptation, and mitigation within each domain, this work clarifies how AI systems
can support end-to-end climate responses rather than isolated technical tasks. Second,
moving beyond standard accuracy metrics, we provide a comparative evaluation of
ML and DL architectures across deployment-relevant dimensions, including latency,
interpretability, ecosystem compatibility (e.g., integration with legacy software, hard-
ware, and data pipelines), and trustworthiness. While often underreported in prior
surveys, these factors are decisive for the reliable, large-scale implementation of AI
in safety-critical, resource-constrained, and regulated climate applications. Finally, by
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Table 1 Overview of related surveys in AI and climate applications with emphasis on each works
focus and extensions provided by this survey. Note: Ref = Reference.

Ref Contributions How our survey differs

Amiri
et al.
(2024)

• Systematic review of ML and DL appli-
cations for climate change mitigation on six
domains (ecosystems, industry, buildings,
transportation, agriculture, hybrid).
• Novel taxonomy of DL methods mapped
to mitigation tasks.
• Quantitative evaluation of methods on
accuracy, scalability, interpretability.

• Extend beyond mitigation to also cover
monitoring and adaptation tasks (e.g. dis-
aster forecasting, urban resilience).
• More granular taxonomy by sub-domains
(e.g. carbon management, process opti-
mization).
• Comparative analysis across both ML and
DL, with metrics beyond accuracy (latency,
trustworthiness) and ecosystems.

Karanth
et al.
(2023)

• Analyze the applications of AI for predict-
ing climate-induced microbiological food
safety risks on the farm-to-fork chain.
• Emphasis on integrating diverse data
streams (satellite imagery, microbial assays,
supply chain data).
• Discussion of social, ethical, and legal lim-
itations of AI in food safety contexts.

• Cover both ML and DL methods on more
application domains (not just food safety).
• Detailed taxonomy by domain (e.g.
energy, agriculture, built environment),
rather than a single sector.
• Comparative analysis of algorithmic per-
formance, datasets, and tools for each
domain.

Cowls
et al.
(2023)

• Identification of two key opportunities
of AI: improving understanding of climate
phenomena and enabling more effective
mitigation.
• Analysis of AIs carbon footprint and ethi-
calsocial risks of compute-intensive models.
• Thirteen policy recommendations for gov-
ernance (with focus on EU leadership).

• Provide a systematic survey of methods
(MLDL architectures and case studies).
• Delve into open technical challenges and
propose concrete future research directions.
• Include a standalone section on AIs
own environmental footprint with mitiga-
tion strategies.

L. Chen,
Chen,
et al.
(2023)

• Review of AI-based solutions in energy,
sequestration, weather, agriculture, and
built environment.
• Quantitative impact estimation.
• Discussion of integration of AI with IoT
and big-data platforms for sustainability.

• A deeper analysis of ML and DL archi-
tectures on various domains.
• A search-strategy and taxonomy develop-
ment methodology.
• Case studies highlighting both successes
and lessons learned.

Kaack
et al.
(2022)

• Systematic framework categorizing how
ML impacts present and future greenhouse
gas emission.
• Assessment of research and data needs for
measuring these impacts.
• Identification of policy levers to utilize AI
to minimize emissions.

• Incorporate Kaack et als footprint frame-
work into a broader technical survey.
• The Open Challenges section emphasizes
technical (data, interpretability) and policy
considerations.
• Customize the framework with a compar-
ative analysis of software ecosystems and
benchmarks.

integrating the emissions framework proposed by (Kaack et al., 2022) into a broader
technical survey, we explicitly link model- and system-level design choices, such as
model size, training approaches, and data center characteristics, to their associated
carbon footprints. This synthesis addresses a crucial yet underexplored dimension in
the literature, ensuring that AI-for-climate solutions do not inadvertently undermine
their intended mitigation benefits through excessive computational costs.
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1.2 Objectives and contributions
Rapid advances in machine learning (ML) and deep learning (DL), together with
growing urgency around climate change, have produced a rapidly expanding but
fragmented body of work on AI for mitigation, adaptation, and impact assessment.
Existing reviews typically focus on a subset of sectors, emphasize either high-level
concepts or narrow technical topics, and rarely provide a systematic, cross-domain
assessment of how ML and DL methods concretely support climate mitigation goals.
This fragmentation makes it difficult for researchers, practitioners, and policymakers
to obtain a coherent picture of how ML and DL are currently deployed for mitigation,
what has been demonstrated in practice, and where the most promising gaps and chal-
lenges lie. In contrast, there is now a need for an integrated, up-to-date synthesis that
(i) spans key mitigation-relevant sectors, (ii) maps AI techniques to specific tasks and
data modalities, and (iii) critically evaluates persistent technical and socio-technical
challenges.

To address this gap, this survey conducts a Systematic Literature Review (SLR)
of peer-reviewed studies applying ML and DL to climate change mitigation, while also
considering adaptation and impact assessment where they intersect with mitigation
outcomes. The main objective is to systematically map and critically evaluate how AI
is deployed for key climate-related domains, and to identify opportunities for more
effective and responsible use of ML and DL in this context. Concretely, the review is
guided by the following research questions (RQs):

1. Have existing review papers covered AI for climate mitigation at a comparable
scope, and how does our work differ (sector coverage, taxonomy, time span, and
depth of method analysis)?

2. How is AI, particularly ML and DL, applied to major climate mitigation domains,
and what representative examples illustrate each category?

3. Which AI paradigms and techniques are used for which tasks and domains, and
with what comparative performance?

4. What datasets, data modalities, and data sources are used to support AI-based
mitigation applications?

5. What important open problems remain, and what promising research and deploy-
ment directions could advance responsible and effective use of AI for climate
mitigation?

Building on these research questions, this survey advances the field in four con-
crete ways. First, it is the only review to span all seven major climate-relevant
domains, including the two adaptation-oriented domains often absent from prior lit-
erature, under a single SLR-validated taxonomy. This unified framework enables
cross-domain comparisons that were previously impossible. Second, by analyzing over
280 peer-reviewed studies and organizing them into structured tables detailing tasks,
algorithms, datasets, and quantitative performance metrics across all seven domains,
this survey provides actionable insights for algorithm and dataset selection in climate
AI applications. Third, unlike previous surveys that treat AI’s resource consumption
as a minor concern, this review devotes a dedicated section to the carbon footprint,
energy demands, and governance of AI infrastructure itself. Fourth, it rigorously
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evaluates model transferability and geographic generalization across diverse climatic
contexts, addressing the critical challenge of deploying models trained in data-rich
regions to data-scarce environments.

Following the introduction, the review is organized into five sections to serve both
researchers and practitioners. Sections 2 and 3 introduce core climate and AI con-
cepts, prior surveys, and our SLR methodology and taxonomy, providing background
for readers from both communities. Section 4 is primarily oriented toward practition-
ers and applied researchers: it organizes existing work by domain, task type, and data
modality, and highlights representative models, datasets, and case studies that can
inform concrete deployments. Section 5 is primarily aimed at the research commu-
nity, synthesizing cross-cutting technical and socio-technical challenges and outlining
opportunities for advancing methods, benchmarks, and theory. Finally, Section 6
concludes with a summary highlighting the reviews strengths and limitations.

2 Background and Terminology
2.1 Climate change challenges
2.1.1 Greenhouse Gas (GHG) emissions
Human activities have driven atmospheric GHG concentrations to unprecedented lev-
els. In 2023, global anthropogenic emissions reached 53.0 gigatons (Gt) of carbon
dioxide (CO2) equivalent (CO2e). It marks a 1.9% increase from 2022 and extends
an upward trajectory since 2000 (Commission, 2025). Fossil fuel combustion and
industrial processes, which are responsible for approximately 75% of total emissions,
primarily originate from energy production (e.g., coal-fired power plants), transporta-
tion (e.g., internal combustion engines), and industrial manufacturing (e.g., steel
production). The remaining 25% comes from methane (CH4) and nitrous oxide (N2O)
emissions associated with agriculture, waste management, and land use changes such
as deforestation for agricultural expansion. In addition, major emitters, including
China, the United States, and India, account for over half of global emissions and
drive much of this growth.

Figure 1 provides a comprehensive overview of GHG emissions by sector and their
corresponding mitigation potential according to the Climate change 2023 synthesis
report by IPCC (Calvin et al., 2023). Subfigure 1(a) shows current emissions distribu-
tion, with the energy sector accounts for the largest share (37%), followed by Industry
(26%), Agriculture, Forestry, and Other Land Uses (AFOLU) (18%), Transport (14%),
and Buildings (5%). Subfigure 1(b) reveals critical disparities in both emission mag-
nitude and reduction capacity by comparing each sector’s current annual emissions
(green bars) against achievable mitigation potential (blue bars) in Gt of CO2e per
year.

The sector-by-sector comparison highlights where targeted interventions would
maximize decarbonization impact:
• Energy: As the largest emitter (20.0 Gt/year), it offers the highest absolute mit-

igation potential (12.6 Gt/year), achievable through rapid renewable deployment,
grid modernization, and aggressive energy efficiency measures.

6



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

Energy
37%

Industry
26%

Transport
14%

Buildings
5%

AFOLU
18%

Global Greenhouse Gas emissions trends of five 
global economic sectors 

Industry

Energy

Transport

Buildings

AFOLU

14

20

7.6

3.1

9.5

5.4

12.6

3.8

0.7

7.3

Potential Global Greenhouse Gas emissions 
reduction by sections

Emission reduction Total emission

(a) (b)

Fig. 1 Global GHG by sector and sector-specific mitigation potential.

• Industry: With 14.0 Gt/year of emissions, the sector could reduce about 5.4 Gt/year
via process electrification, circular economy practices, and low-carbon material
innovation (e.g., low-carbon steel and cement).

• AFOLU: Contributing 9.5 Gt/year, AFOLU presents the largest proportional
mitigation opportunity, roughly 7.3 Gt/year (about 77%), through large-scale
reforestation, sustainable land management, and emission-optimized agricultural
practices.

• Transport: Emissions of 7.6 Gt/year could fall by about 3.8 Gt/year (about
50%) via rapid vehicle electrification, expanded public and active transport, and
improvements in fuel efficiency and logistics.

• Buildings: At 3.1 Gt/year, the sector can reduce emissions by 0.7 Gt/year through
deep retrofits, improved building envelopes, and widespread heat pump adoption.

Emerging technologies, especially AI, are enabling innovative, practical approaches
to climate mitigation. In energy systems, AI-based smart grid control and demand
forecasting models reduce dependence on fossil fuels, increase renewable integration,
and improve grid efficiency. In industry, ML and DL methods cut energy waste and
emissions by optimizing processes in real-time. AI combined with remote sensing (RS)
and advanced analytics also provides precise GHG monitoring. For example, computer
vision (CV) models can detect methane leaks in near real-time, and satellite-based
ML systems track deforestation and land use change at scale.

2.1.2 Extreme weather events
Rising global temperatures have pushed the planet to a critical threshold, with 2024
marking the first year where the annual average temperature exceeded 1.5 °C above
pre-industrial levels (WMO, 2025a). This warming intensifies extreme weather events,
including heatwaves, storms, droughts, and floods, by amplifying atmospheric energy
and moisture cycles (Howe, 2021). For example, 2024 saw unprecedented global heat-
waves and record rainfall, while warmer air masses significantly increased atmospheric
moisture, exacerbating flood severity (Q. Zhao, Gao, Meng, & Zhu, 2024). Driven

7
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by prolonged drought and heat, wildfire activity has surged catastrophically, as evi-
denced by Canadas 2023 fire season, which burned 18.4 million hectares, nearly seven
times the historical average (2.5 million hectares) (Jain et al., 2024). These escalating
extremes impose severe costs on various sectors. For example:
• Agriculture suffers crop failures from heat stress and flooding (Karanth et al., 2023).
• Infrastructure faces billion-dollar damage from storms and erosion (Shafiq et al.,

2024; Y. Zhang et al., 2023).
• Energy systems experience disruptions due to drought-reduced hydropower and grid

failures during heatwaves (Perera, Nik, Chen, Scartezzini, & Hong, 2020).
• Public health contends with rising heat-related mortality and climate-induced

displacement (Tran et al., 2023).

AI offers transformative potential to improve resilience against these threats. ML
and DL models now enhance the precision of sub-seasonal to seasonal forecasts, such
as hurricane intensification trajectories (H. Su et al., 2020), heatwave onset predic-
tion (P. Li, Yu, Huang, Wang, & Sharma, 2023), and real-time flood mapping (Panahi
et al., 2021), enabling earlier, more targeted interventions. Beyond forecasting, AI-
driven analytics convert multi-source climate, satellite, and Internet of Things (IoT)
sensor data into actionable insights for dynamic risk assessment, optimized evacuation
routing, and resilient infrastructure planning. These tools not only improve disas-
ter response, but they also inform proactive adaptation strategies, such as climate
proofing the supply chains, designing flood-adaptive urban infrastructure, and priori-
tizing resource allocation to vulnerable communities, ultimately reducing human and
economic losses in an increasingly volatile climate.

2.1.3 Ecosystem degradation
Climate change is accelerating ecosystem collapse worldwide, driving biodiversity loss
at a pace unprecedented in human history. Major drivers, such as deforestation, habi-
tat fragmentation, pollution, and rising temperatures, are pushing ecosystems beyond
critical thresholds of resilience. More than one million species are currently at risk of
extinction (WMO, 2025b), and global wildlife populations have declined by an aver-
age of 73% since 1970 (WF, 2025). A striking illustration is the 2014–2017 global coral
bleaching event, which affected over 80% of the worlds reefs (Eakin, Sweatman, &
Brainard, 2019), threatening both marine biodiversity and coastal economies. These
ecological disruptions affect multiple sectors: agriculture and fisheries depend on pol-
linators, fertile soils, and stable fish stocks, while tourism and coastal protection rely
on healthy reefs and forests

ML and DL algorithms can analyze satellite and drone imagery to detect deforesta-
tion, illegal logging, and land-cover change in real-time (Chai & Li, 2023; S.-H. Lee et
al., 2020). Moreover, AI-enabled bioacoustic sensors and camera trap systems enable
continuous biodiversity monitoring by automatically identifying species vocalizations
and behaviors (Müller et al., 2023). ML and DL further support conservation planning
by mapping species distributions, forecasting climate-driven habitat shifts, and pri-
oritizing high risk areas for intervention (Pichler & Hartig, 2023). AI models trained
on large-scale environmental datasets, from soil moisture and RS indices to ocean

8
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temperature anomalies, support strategic actions such as designing protected areas
and optimizing sustainable resource management practices. These technologies help
bridge the gap between ecological research and actionable ecosystem protection.

2.2 AI foundations
Classical ML techniques, such as support vector machines (SVMs), random forests
(RFs), and linear regression, have long been applied to climate science for tasks like
weather classification and regression from historical records (Saha et al., 2020; Z. Tian,
Li, Wang, & Wang, 2018). These models typically rely on hand-crafted features and
perform well on low dimensional or highly structured problems, but they often struggle
with the high-dimensional, nonlinear patterns found in raw climate data (e.g., global
gridded fields or satellite imagery).

On the other hand, DL models learn hierarchical representations directly from raw
inputs and can process large-scale spatial and temporal datasets to capture complex
spatio-temporal dependencies. This capability makes DL particularly well suited to
modern climate tasks, including high-resolution forecasting, anomaly detection, and
multimodal data fusion, where large datasets and complex spatio-temporal structure
are critical.
• Convolutional neural networks (CNNs): CNNs excel at spatial pattern recognition

via learned convolutional filters, which is crucial for satellite image analysis tasks
such as rainfall nowcasting and land cover mapping (Fayaz, Dang, & Moon, 2025;
W. Zhang, Yu, Qi, Shu, & Wang, 2019).

• Recurrent architectures: Recurrent neural networks (RNNs) and long short-term
memory networks (LSTMs) are specialized for sequential data and retain memory
of prior inputs, making them suitable for modelling climate time series, such as
temperature, precipitation, emissions (W. Kong et al., 2017; Mtibaa et al., 2020).

• Transformers: Self-attention mechanisms of transformers allow them to capture
long-range and cross-regional dependencies. Transformers have achieved state-
of-the-art results in vision and sequence tasks and are increasingly applied to
medium-range weather prediction and large-scale climate pattern analysis (Jin et
al., 2023; Mo et al., 2024; H. Wang, Li, Xue, Fan, & Liu, 2024).

• Graph neural networks (GNNs): Handle irregular, relational structures, such as
atmospheric dynamics on spherical grids, river networks, or infrastructure interde-
pendencies, by learning over nodes and edges (M. Ma et al., 2023; X. Wang et al.,
2020).

• Hybrid architectures: Combine strengths of different models to better handle
complex spatiotemporal tasks. For example, using CNNs to encode local spatial
structure together with recurrent networks or Transformer layers to model tempo-
ral dynamics and long-range dependencies (Bashir, Wang, Tahir, & Zhang, 2025;
R. Chen et al., 2019). The hybrid approaches improve accuracy and generalization
by capturing fine-grained spatial features and temporal context.

Table 2 offers a side-by-side comparison of AI models, the data types and require-
ments they work best with. Traditional ML models (Ladi, Jabalameli, & Sharifi, 2022),
such as SVM and RFs, excel at tabular data and short-sequence time series. However,
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they demand extensive feature engineering to process RS imagery and fail to cap-
ture graph structures or long-term dependencies. DL architectures (Alzubaidi et al.,
2021), which specialize in high-dimensional and large-scale, unlock new capabilities.
For example, CNNs have achieved state-of-the-art performance in numerous CV tasks
by automatically learning localized, hierarchical spatial features directly from data.
RNNs and their gated variants (LSTMs/GRU) exploit recurrent connections to model
temporal dependencies of sequential and time-series data. More recently, Transformers
(Nayak et al., 2024) have achieved state-of-the-art results by utilizing self-attention
to capture long-range temporal dependencies in time-series, adopting patch-based
attention for CV, and extending to graph data via structural (positional) encodings.
GNNs (J. Zhou et al., 2020) model relational systems, such as power grids, ecologi-
cal networks, and transportation infrastructure, by representing entities as nodes and
interactions as edges.

Advanced approaches, such as ensemble methods (bagging and gradient boosting)
deliver strong performance on tabular datasets and imbalanced datasets. However,
they are not a natural fit for graph structure or long-range spatiotemporal depen-
dencies, and typically require feature engineering to compete on raw RS imagery
or long sequence modeling, so they are less suitable when end-to-end representa-
tion learning is needed. Hybrid frameworks (Meng, Griesemer, Cao, Seo, & Liu,
2025) embed domain knowledge by enforcing governing equations and constraints via
hard/soft penalties or differentiable simulators. It allows physically consistent extrap-
olation beyond observed regimes while maintaining competitive accuracy for diverse
data types. Model selection should prioritize data geometry (tabular, grid, graph,
sequence) and temporal horizon requirements, with physics integration essential for
safety-critical extrapolation in climate systems.

Table 2 Comparison of AI model families across data types (tabular, RS imagery, time
series, graphs) and requirements (long-range temporal context, physics/constraints) for
climate change mitigation. Note: 3 = well-suited; ∼ = workable with care or common
extensions; 7 = not a natural fit.

Model Tabular RS
imagery

Time
series

Graph
data

Long-range
temporal

Physics/
constraints

SVMs 3 ∼ ∼ 7 7 ∼
RFs 3 ∼ ∼ 7 7 ∼
Ensembles models 3 ∼ ∼ 7 7 ∼
CNNs 7 3 ∼ 7 7 ∼
RNNs ∼ 7 3 7 ∼ ∼
Transformer ∼ 3 3 ∼ 3 ∼
GNNs ∼ ∼ ∼ 3 ∼ 3
Hybrid approaches ∼ ∼ ∼ ∼ 3 3
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3 Survey Methodology
3.1 Search strategy and selection
We employed a rigorous, multi-stage screening process to identify relevant litera-
ture on AI for climate change. As illustrated in Figure 2, we initially retrieved 427
peer-reviewed articles published between 2015–2025 from major academic databases
and publishers (ScienceDirect/Elsevier, IEEE Xplore, SpringerLink, ACM Digital
Library, and Wiley Online Library) using Boolean searches (AND, OR) over keywords
including:
• Core themes: AI, machine learning (ML), deep learning (DL), climate change,

carbon reduction, environmental sustainability
• Extreme weather detection: extreme weather prediction, climate modeling, hurri-

cane forecasting, heatwave detection, flood risk assessment, drought monitoring,
wildfire prediction, storm tracking

• Ecosystem degradation and recovery: ecosystem restoration, biodiversity conser-
vation, habitat recovery, deforestation monitoring, soil health analysis, species
extinction prevention, land degradation assessment, ecological resilience

• Conducting a detailed assessment of titles, abstracts, and 
methodologies to ensure relevance and scientific rigor.4th round: 280 papers

• Eliminating duplicate entries and survey/review papers.

• Prioritizing studies with robust empirical evidence, case-study 
analyses, or theoretically grounded frameworks.

3rd round: 321 papers

• Focusing explicitly on studies applying AI/ML/DL to address climate 
change challenges.

• Removing opinions and non-peer-reviewed works, and gray literature 
(reports, blogs,…).

• Selecting only English-language publications.

2nd round: 367 papers

• Retrieving publications from major academic databases (Elsevier, 
IEEE, Springer, ACM, Wiley).

• Utilizing keyword combinations ("AI," "ML," "DL," "climate change," 
"carbon reduction," "environmental sustainability") with Boolean 
operators (AND/OR) to refine results.

• Restricting to peer-reviewed articles published between 2015–2025.

1st round: 427 papers

Fig. 2 SLR methodology illustrating the four-stage selection process and refinement criteria for the
final paper list.

After that, the selection was narrowed to 367 by excluding gray literature (e.g.,
reports, blogs), non-English publications, and studies lacking explicit applications of
AI/ML/DL to climate-related challenges. After removing duplicates and prior reviews,
321 studies remained that met initial relevance and methodological criteria (empiri-
cal evidence, case studies, or theoretically grounded frameworks). Finally, a detailed
screening of titles, abstracts, and methods, focused on scientific validity and direct
relevance, produced the 280 papers included in this systematic review.
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The inclusion and exclusion criteria were each selected for specific methodolog-
ical reasons. The 20152025 publication window reflects two simultaneous inflection
points: the Paris Agreement establishing the 1.5 °C target and the mainstream adop-
tion of DL, meaning pre-2015 studies rely on shallow ML methods and outdated
policy frameworks that no longer represent the field’s current state. Peer-reviewed
articles only were retained to ensure a minimum standard of independent method-
ological scrutiny across the 427 retrieved items, with gray literature excluded due to
the impracticality of systematic quality assessment at that scale. The explicit AI/M-
L/DL application to a climate outcome criterion maintained thematic coherence by
excluding general-purpose AI benchmarks without climate context and pure climate
science studies without AI methods. Opinion pieces, non-English publications, and
prior review articles were excluded to prioritize primary empirical evidence, minimize
language-assessment constraints, and avoid circular citation. Finally, studies retained
in the corpus were required to present empirical evidence, case-study analysis, or a
theoretically grounded framework, ensuring every included work makes a concrete,
assessable contribution rather than merely describing potential applications.

3.2 Taxonomy development
This survey develops a domain-driven taxonomy based on a systematic analysis of over
280 peer-reviewed climate-related AI studies. We began with (Amiri et al., 2024)’s
five main categories (ecosystems, industry, buildings/cities, transportation, agricul-
ture), widely used in prior reviews (L. Chen, Chen, et al., 2023), but found important
omissions after classifying papers by primary objective. Domains such as energy and
carbon management and weather and disaster forecasting were not represented in the
original schema. To ensure comprehensive coverage of the climate problem space, we
therefore introduce two additional domains: Energy and Carbon Management and
Weather and Disaster Forecasting.

We derived domain to method mappings through a three-phase analysis:
• Algorithm prevalence: Identify the dominant AI families used in each domain. For

example, CNNs are prevalent for satellite-based deforestation monitoring in ecosys-
tem conservation, while LSTMs and transformers are commonly applied to extreme
weather prediction in the Weather and Disaster Forecasting domain.

• Data and task alignment: Associate input modalities (e.g., satellite imagery, time-
series data, RS data) with domain-specific tasks and challenges to reveal which data
sources drive particular algorithmic choices.

• Evaluation and operational relevance: Cross-reference techniquedomain pairs with
performance and operational metrics (accuracy, scalability, latency, interpretability,
and ecosystem compatibility) to validate practical applicability.

Figure 3 provides a comprehensive mapping of the AI/ML landscape within climate
change mitigation, intersecting seven key domains with three core task families: predic-
tion, classification, and optimization. The matrix reveals that prediction (forecasting,
regression) is the most mature area of research across all sectors, predominantly using
RNNs/LSTMs and Transformer architectures to handle time-series and sequential
data. Classification (detection, mapping) is equally well-studied, particularly in fields

12



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

like ecosystem reservation and agriculture where CNNs are used for spatial analysis,
while optimization (control, scheduling) emerges as a critical but more specialized
task, frequently employing RL and GNNs for infrastructure and grid management.
Notably, the inclusion of Physics-Informed Neural Networks (PINNs)/Hybrid mod-
els in some sectors signals a shift toward physics-aware AI and hybrid approaches to
enhance model performance, while the empty cells in weather forecasting highlight
underexplored research frontiers where AI has yet to be fully integrated.

CNN

RNN/LSTM

RL

GNN

Ensemble

Transformer

Optimization algorithms

PINN/Hybrid

Well-studied Moderate Emerging

Fig. 3 A comprehensive matrix of domain and AI task-family taxonomy for climate change miti-
gation and adaptation for seven sectors. Rows represent the seven domains (Sections 4). Columns
represent three AI main tasks: prediction (forecasting, regression), classification (detection, map-
ping), and optimization (control, scheduling). Note: Colored squares indicate dominate model families
applied at each domain-task intersection.

3.3 Methodological quality of the reviewed literature
A recurring limitation across the 280 reviewed studies is insufficient methodological
rigor in reporting, evaluation design, and reproducibility. The most common issue is
train-test data leakage in spatiotemporal climate datasets, where observations from
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geographically adjacent locations or temporally overlapping periods are naively split
across training and test sets. For instance, flood susceptibility and land-use change
models (Sections 4.6 and 4.7) frequently employ random pixel-level splits (Panahi
et al., 2021; J. Wang, Hadjikakou, Hewitt, & Bryan, 2022) rather than spatial or
temporal holdout strategies. Consequently, models implicitly learn from the spatial
autocorrelation of nearby test samples.

A related concern is overfitting to narrow validation contexts. Industrial fault
detection studies are often evaluated exclusively on the Tennessee Eastman process
simulation (Arunthavanathan, Khan, Ahmed, & Imtiaz, 2021; Cheng, Zhu, Wu, &
Shao, 2018), while agricultural studies, such as those by (Chandel et al., 2025; Sami
et al., 2022), report results derived from single fields or single growing seasons. Such
limited validation offers insufficient guidance for practitioners considering multi-site
deployment. Class imbalance represents a third under-addressed challenge. Although
extreme weather events, equipment faults, and deforestation incidents are rare, many
reviewed classification models report overall accuracy without disaggregating perfor-
mance on the minority class (Bui et al., 2020; Panahi et al., 2021). This practice
obscures whether the model can reliably detect these critical rare events.

Furthermore, UQ remains largely absent or weakly implemented. In contrast to the
few studies that explicitly quantify and communicate uncertainty (Choubin, Jaafari,
Henareh, Karimi, & Hosseini, 2025; Dikshit & Pradhan, 2021), the majority of regres-
sion and forecasting models report only point-estimate metrics (e.g., RMSE or MAE)
without confidence intervals or probabilistic calibration scores. This omission causes
risk-informed deployment decisions difficult to justify. Finally, significant reproducibil-
ity gaps, including absent code repositories, unspecified hyperparameter settings, and
reliance on proprietary or undisclosed datasets, affect a substantial share of the lit-
erature. This is particularly evident in the industrial and transportation domains,
where our manual screening during the SLR revealed that most studies lack sufficient
implementation detail for independent replication.

3.4 Bibliometric and statistical analysis
Figure 4 presents a bibliometric analysis of the reviewed literature. As shown in
Figure 4(a), annual publication volume grew substantially over the review period,
closely following the broader adoption curve of DL within the research community.
The inflection point around 2019–2020 was driven by the widespread availability of
pre-trained transformer models, large-scale climate datasets (e.g., ERA5 and GPM),
and open-source frameworks that significantly lowered the barrier to applying DL in
climate research.

Figure 4(b) illustrates the distribution of reviewed studies across the seven domains
under consideration. Energy and carbon management constitutes the largest share
( 21%), reflecting the sector’s dual role as the largest source of GHG emissions and the
domain with the longest history of computational modeling. Transportation ( 15%)
and agriculture ( 14%) follow, driven by strong industry interest in autonomous
systems and precision farming, respectively. Ecosystem conservation and weather
and disaster forecasting each represent approximately 12–13% of the corpus, while
buildings and cities and industry account for roughly 14% and 12%, respectively.
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Figure 4(c) reveals a pressing geographic imbalance in the literature. Asia accounts
for approximately 35% of all studies (led by China, Japan, South Korea, India, and
Vietnam), followed by North America ( 26%, predominantly the United States) and
Europe ( 22%, led by Germany, the UK, the Netherlands, and France). Global or
multi-region studies comprise roughly 11% of the corpus. Most strikingly, Africa ( 1%),
South America ( 2%), and Oceania ( 3%) together account for fewer than 20 of the 280
reviewed studies, despite these regions collectively containing a disproportionate share
of the world’s climate-vulnerable populations and critical ecosystems. Sub-Saharan
Africa, home to over 1.4 billion people who depend heavily on rain-fed agriculture and
face escalating drought, flood, and food security risks, is represented by only a handful
of studies, nearly all of which focus on remote sensing-based land cover classification
rather than operationally deployable AI mitigation tools (Eddamiri et al., 2025). This
geographic skew reflects a structural gap that limits the generalizability of current
models and undermines the equity of AI-driven climate solutions.

Fig. 4 Bibliometric analysis of the 280 reviewed studies: (a) Annual publication trend from 2015 to
2025; (b) distribution for seven domains; (c) Geographic distribution by continent. Note: Percentages
in (b) are rounded.

4 AI Applications for Climate Change Mitigation
This section systematically examines AI solutions for seven high-impact domains,
organized according to their primary climate function. Domains 4.1–4.5 (energy and
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carbon management, buildings and cities, transportation, industry, and agriculture)
are categorized as mitigation-focused, emphasizing emissions reduction, resource opti-
mization, and decarbonization pathways. Domains 4.6 (ecosystem conservation) and
4.7 (weather and disaster forecasting) are classified as adaptation-focused, prioritizing
climate resilience, hazard preparedness, and ecosystem stability. These adaptation-
oriented domains are included because they directly enable and reinforce mitigation
outcomes, and because the IPCC AR6 framework explicitly recognizes them as
complementary to emissions reduction strategies (Calvin et al., 2023). Within each
domain, individual tasks are explicitly labeled as mitigation, adaptation, or hybrid to
ensure terminological consistency throughout the review.

4.1 Energy and carbon management
As the global economy expands and the population rises, energy demand surges,
driving an increase in heat-trapping GHG emissions. Many of these emissions result
from burning fossil fuels for power generation, industrial processes, and transportation
(Amiri et al., 2024). To meet growing energy needs while achieving net-zero targets,
coordinated supply- and demand-side measures are required. On the supply side,
renewable energy sources, such as solar, wind, and hydro, have grown at roughly 14%
per year since 2010 (T.I.E. Agency, 2025), but still account for only about 13% of total
global energy consumption. Although the International Energy Agency (IEA) projects
that renewables could reach roughly 20% of total energy by 2030 (T.I.E. Agency,
2025), this projection potential will depend on solutions that manage grid instability
from intermittent generation and improve resource allocation, storage, and system
flexibility.

Simultaneously, effective carbon management practices, including carbon seques-
tration and GHG monitoring, play a vital role in reducing GHG emissions. Carbon
sequestration captures CO2 from industrial processes and power generation and stores
it securely, preventing its release to the atmosphere. The IEA reports there are roughly
45 commercial capture facilities operating worldwide, with a combined capture capac-
ity of more than 50 million tons of CO2 per year (Parisi et al., 2024). In addition,
nature-based carbon solutions, such as forests, soils, and managed agricultural sys-
tems, naturally absorb CO2 and are essential for climate mitigation. Protecting and
restoring these natural systems is therefore crucial to comprehensive carbon man-
agement and to achieving a sustainable transition to low-carbon economies. Overall,
technological and nature-based approaches are complementary and necessary for deep
decarbonization.

AI is essential for energy management by turning large, noisy data streams into
real-time decisions that boost efficiency and enable decarbonization at scale. ML
models improve demand and renewable generation forecasts, allowing operators to
schedule resources and storage more accurately. Reinforcement learning (RL) and
optimization algorithms allocate distributed energy resources, battery dispatch, and
demand-response actions to minimize costs and emissions. AI enables predictive main-
tenance for power plants and grid assets, reducing outages and extending equipment
life, and digital twins/simulation tools let planners test scenarios for high renewables
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futures. When deployed carefully with good data governance, attention to model inter-
pretability, and human oversight, AI can increase renewable integration, lower system
costs, and speed the transition to a low-carbon energy system.

4.1.1 Energy management
Energy management targets the largest source of global GHG emissions: how we pro-
duce, distribute, and consume energy. Effective energy management reduces demand
through efficiency measures, shifts consumption toward low-carbon electricity, and
increases system flexibility by integrating renewables, storage, and demand-response
programs. By lowering overall energy use, smoothing peaks, and enabling higher shares
of variable renewable generation, strong energy management both cuts emissions and
reduces costs and resilience risks for communities and utilities.

AI has become an essential component of modern energy systems, enhancing effi-
ciency, reliability, and the integration of renewable resources. Its main applications are
renewable energy forecasting, grid and load management, fault detection and predic-
tive maintenance, and energy storage optimization. By leveraging advanced ML and
DL techniques, AI improves both the accuracy and effectiveness of these tasks and
supports the transition toward a more sustainable and resilient energy infrastructure.

Figure 5 illustrates the four representative AI-based approaches for core energy
management tasks. Figure 5(a) describes a hybrid LSTM and Genetic Algorithm (GA)
framework proposed by (Shahid, Zameer, & Muneeb, 2021) for wind power forecast-
ing. Raw turbine measurements are preprocessed and fed into a multi-step LSTM
network, while a GA tunes hyperparameters to minimize prediction error. Figure 5(b)
depicts a residential load forecasting pipeline in which building parameters and occu-
pancy patterns are used to construct a synthetic dataset (J. Guo et al., 2023). After
that, various boosting algorithms are applied to predict heating and cooling demands.
Figure 5(c) shows a real-time wind turbine fault detection system based on a deep
CNN ensemble that analyzes multi-scale vibration and timefrequency image data to
detect gearbox anomalies (K. Zhang, Tang, Deng, & Liu, 2021). Finally, Figure 5(d)
summarizes a semi-supervised adversarial model for battery state-of-health estima-
tion proposed by (Yao, Chang, Han, & Tian, 2024). These workflows demonstrate
how task-specific data preprocessing, model innovation, and optimization strategies
enable robust AI solutions for grid stability, demand and response efficiency, predictive
maintenance, and storage longevity.
• Renewable energy forecasting, particularly for wind and solar, plays a pivotal role

in enhancing grid stability and seamless integration of clean energy sources. For
example, the intermittent nature of renewable energy poses significant challenges
for grid operators, who must balance supply and demand in real-time. Therefore,
accurate predictions of solar and wind power generation reduce the risk of black-
outs, minimize energy waste, and lower operational costs by aligning supply with
demand. AI techniques, such as ML and DL models, have contributed significantly
to improving the accuracy of these forecasts. ML models, such as SVMs and Regres-
sion, and DL models, such as RNN/LSTM and Transformers, have been used to
predict energy output with higher accuracy than traditional methods (Aslam, Aung,

17



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

(a) Wind power forecasting based on LSTM (b) Boosting-based heating/cooling loads prediction

(c) DL Wind turbines gearbox fault diagnosis (d) Capacity estimation of battery energy storage systems

Fig. 5 Representative AI approaches for each key task of energy management. (a) Renewable energy
forecasting (Shahid et al., 2021); (b) Grid/load management (J. Guo et al., 2023); (c) Fault detection
and maintenance (K. Zhang et al., 2021); and (d) Energy storage (Yao et al., 2024).

Rafsanjani, & Majeed, 2025). Recent advances include (X. Li et al., 2022) probabilis-
tic solar irradiance model, which used eXtreme Gradient Boosting (XGBoost) for
point prediction and kernel density estimation to generate forecasts with confidence
intervals. Similarly, Bashir et al. (2025) proposed hybrid CNN-ABiLSTM and CNN-
Transformer-Multilayer Perceptron (MLP) frameworks that combined short-term
pattern recognition with long-term sequence modeling for solar/wind forecasting.
These studies highlight the crucial role of renewable forecasting in stabilizing grids
and accelerating decarbonization.

• Grid/load management is essential for ensuring supply and demand alignment to
prevent overloads and blackouts. For example, grid load forecasting allows operators
to strategically optimize the grid load during peak demand, minimizing reliance on
carbon-intensive backup power. Z. Deng et al. (2019) introduced TCMS-CNN, a DL
model that enhanced multi-step short-term electric load forecasting by combining
multi-scale CNNs with a time perception strategy. In addition, deep RL optimized
dynamic load balancing and renewable integration through smart charging systems,
minimizing transmission losses. (Rocchetta, Bellani, Compare, Zio, & Patelli, 2019)
validated this with a non-tabular RL framework using Artificial Neural Network
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(ANN) ensembles for grid maintenance scheduling. The framework improved grid
resilience and reduced emissions. These approaches stabilize grids and accelerate
the transition to low-carbon energy systems.

• Fault detection and maintenance, such as anomaly detection in wind turbines/solar
panels and grid condition monitoring, are vital for optimizing system reliability and
resource utilization. AI technologies like vibration analysis and anomaly detection
enable early defect detection in critical components (e.g., gearboxes), preventing
energy losses and unplanned downtime (Tautz-Weinert & Watson, 2017). (Le et al.,
2021) achieved 94% anomaly detection accuracy and 86% fault classification (12
types) using infrared imaging and ensemble residual DNNs on 20,000 real-world
solar photovoltaic (PV) images. Similarly, Xiang, Yang, Hu, Su, and Wang (2022)
advanced wind turbine monitoring via a Supervisory Control and Data Acquisi-
tion (SCADA) data pipeline: quartile-based cleaning, Pearson correlation feature
selection, and spatio-temporal feature extraction using CNN-attention-BiGRU net-
works for precise anomaly localization. The experimental results showed that this
approach effectively detects early operational anomalies and pinpoints failed com-
ponents. These methods extend asset lifespans, boost decarbonization, and fortify
grid resilience.

• Energy storage plays a critical role in integrating renewable energy sources into
the grid by addressing their inherent intermittency and variability (Dang, Nguyen,
et al., 2024). Storage systems enable dynamic balancing of supply and demand by
storing excess energy during periods of high renewable output. K. Zhou, Zhou, and
Yang (2022) integrated modified DL predictors (for photovoltaic (PV)/load) with
RL agents to optimize storage scheduling under uncertainty. The proposed system
reduced solution time by 61.17% compared to mixed-integer linear programming
for real-time microgrid applications. Yao et al. (2024) addressed battery capacity
estimation via semi-supervised adversarial DL. The model transformed unlabeled
voltage and current data into incremental capacity-based features to minimize
labeled-data dependency. The model outperformed existing methods and offers a
scalable solution for industrial battery energy storage systems (BESS) capacity esti-
mation. These AI-based approaches enhance grid flexibility, maximize renewable
utilization, and accelerate the transition to low-carbon energy systems.

4.1.2 Carbon management
This review adopts a consistent four-level terminology hierarchy for carbon and GHG-
related AI tasks, following the analytical distinctions recommended in the literature:
(1) GHG monitoring refers to sensor- or satellite-based direct measurement of green-
house gas concentrations or fluxes; (2) emission estimation refers to statistical or
ML-based inference of emission quantities from indirect indicators; (3) emission fore-
casting refers to time-series or DL prediction of future emission levels; and (4) carbon
accounting refers to the annualized compilation of emission inventories across sectors
or entities. These terms carry distinct analytical meanings and are used accordingly
throughout this survey.

19



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

Carbon management is fundamental to achieving net-zero emissions by combining
emissions reduction, removal, and long-term storage to limit atmospheric concentra-
tions of CO2 and other GHG. It relies on engineered approaches, such as active GHG
monitoring and carbon capture and storage (CCS), and nature-based solutions, such as
afforestation, soil carbon sequestration, wetland restoration, to actively remove carbon
from the atmosphere. AI is transforming carbon management by enhancing the pre-
cision, scalability, and cost efficiency of CCS processes. GHG monitoring through AI
models enables precision detection of inefficiencies and leakage in real-time. Moreover,
data-driven sequestration strategies optimize geological storage integrity through real-
time reservoir characterization and injection control. AI-based geospatial analytics
and digital twins support site selection and risk assessment for storage and nature-
based projects. Crucially, deploying AI for carbon management must include UQ,
transparency, and human oversight to ensure reliable, verifiable, and ethical outcomes.

GHG monitoring is the systematic measurement, analysis, and reporting of GHG
emissions. It combines in-situ sensors, flux towers, atmospheric sampling, RS from
satellites and aircraft, emissions inventories, and model-based methods (e.g., atmo-
spheric inversion and data fusion) to produce consistent, spatially and temporally
resolved estimates of CO2, methane, and other gases. Reliable monitoring enables gov-
ernments, companies, and land managers to track progress against net-zero pledges,
target high impact mitigation actions, verify outcomes for carbon markets, and detect
leaks or hotspots that require rapid response. AI offers powerful tools to enhance GHG
monitoring by improving the accuracy, scale, and timeliness of GHG measurement
and reporting. ML and DL models can process vast streams of data from satellites,
drones, ground-based sensors, and atmospheric models to detect emissions patterns,
quantify carbon fluxes, and identify anomalies such as methane leaks or illegal defor-
estation. Frameworks like CarbonTracker (Anthony, Kanding, & Selvan, 2020) allows
experts to monitor real-time energy use and emissions. Given that household emis-
sions constitute significantly to global carbon footprints, (An et al., 2024)s explainable
XGBoost-Tree-structured Parzen Estimator (TPE) emission estimation model esti-
mates provincial/city footprints across China (20062021) with 87.4% accuracy using
only five features. While advances in sensors and AI are rapidly improving resolu-
tion and timeliness, challenges remain in attribution, harmonizing methodologies, and
ensuring fair access to monitoring capabilities across regions.

Carbon sequestration securely capturing and storing atmospheric carbon through
advanced techniques such as storage estimation, CO2 sequestration simulation, and
optimization. It involves both natural processes and engineered solutions. Natural
carbon sequestration occurs through ecosystems such as forests, wetlands, grasslands,
and soils, which absorb and store CO2. Engineered approaches, including CCS and
direct air capture, involve capturing CO2 from industrial emissions or directly from
the atmosphere and securely storing it in geological formations or using it in long-
lasting products. ML and DL models are increasingly being applied to enhance carbon
sequestration strategies by improving efficiency, monitoring, and scalability. For exam-
ple, (L. Xi, Shu, Sun, Huang, & Song, 2023) proposed a two-stage RS framework to
optimize sequestration infrastructure deployment, which improved forest carbon sink
quantification by 18.3% compared to conventional methods. Simulation tools, like
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nonlinear autoregressive RNN model (Punnam, Dutta, Krishnamurthy, & Surasani,
2023), enabled engineers to forecast post-injection CO2 trapping dynamics in het-
erogeneous reservoirs. The tool accelerated geological storage analysis by 40% while
maintaining integrity. Recently, Hernandez-Mejia, Imhof, and Pyrcz (2024) developed
a hybrid anomaly detection system for geological carbon sequestration that identified
subsurface leakage, fracture, or fault risks in CO2 storage. These innovations not only
reduce atmospheric CO2 concentrations but also align with global net-zero targets.

4.1.3 Discussion
Table 3 summarizes typical energy management tasks, along with representative appli-
cations, methods, and datasets. Across reviewed energy and carbon management
studies, transformer-based and hybrid LSTM-optimization models consistently out-
perform conventional baselines in renewable forecasting (Aslam et al., 2025; Bashir
et al., 2025; Shahid et al., 2021), although performance sensitivity to data resolution
and geographic context remains significant. CNNs and sequence models are preferred
for spatiotemporal satellite data, achieving 94% anomaly detection accuracy in solar
PV fault monitoring (Le et al., 2021). In real-time dispatch and storage scheduling,
RL demonstrates superior efficiency, achieving up to a 61.17% reduction in computa-
tion time compared to Mixed-Integer Linear Programming (MILP) (K. Zhou et al.,
2022). However, RL deployment in regulated grid environments remains constrained
by stringent interpretability requirements.

Table 4 summarizes AI applications for two critical CCS tasks: GHG monitoring
and carbon sequestration. Ensemble tree methods (e.g., XGBoost) offer an optimal
accuracyinterpretability trade-off for tabular inventory data, reporting 87.4% accuracy
with only five input features (An et al., 2024).

Despite these advances, persistent challenges remain in deploying AI for energy
and carbon management. High-performing DL models often require substantial com-
putational infrastructure that many grid operators in developing economies struggle
to sustain reliably (Zheng, Wu, Li, & Song, 2025). In addition, UQ in storage schedul-
ing and CCS simulation models is inconsistent, with overconfident predictions posing
financial and safety risks. Future research should prioritize physics-informed hybrid
architectures embedding power flow equations and thermodynamic constraints, which
reduce reliance on large-scale annotated datasets while ensuring physical plausibility
across diverse grid configurations.

4.2 Buildings/cities
Buildings/Cities consume the majority of energy and materials across their lifecycle
through operational energy for heating, cooling, lighting and through embodied carbon
in construction. According to Intergovernmental Panel on Climate Change (IPCC)
Sixth Assessment Report, buildings alone consume roughly 31% of global energy and
contribute over 21% of GHG emissions (Kikstra et al., 2022). Efficient and resilient
urban and building infrastructure is fundamental to emission reduction, as it directly
shapes the energy intensity of daily life and the emissions embedded in construction
and operation.
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Table 4 Summary of two task areas for AI in carbon management, including (1) GHG monitoring and
emission estimation; and (2) carbon sequestration. Column 2 reports the best quantitative metric and
cross-study comparison. Abbreviations: CNN = convolutional neural network; RNN = recurrent neural
network; LSTM = long short-term memory; DNN = deep neural network; XCO2 = column-averaged
dry-air mole fraction of CO2.

Tasks Key metric & cross-study finding Representative meth-
ods

Representative
data

GHG
moni-
toring
&
emis-
sion
esti-
mation

87.4 % accuracy with five features (An et
al., 2024); forest carbon sink quantification
+18.3 % (L. Xi et al., 2023). Similarity:
Ensemble methods (XGBoost) and CNNs
consistently outperform purely statistical
approaches. Difference: Ensemble meth-
ods preferred for tabular inventory data;
CNNs preferred for spatiotemporal satel-
lite inputs (OCO-2, Sentinel-5P).

CNNs (Anthony et
al., 2020); Ensem-
ble (An et al.,
2024; W. Liu et al.,
2024); RNN/LSTM
(Verma, Ranga, &
Vishwakarma, 2023);
Hybrid (L. Xi et al.,
2023)

OCO-2/3
XCO2
(Nasa, 2025);
Sentinel-5P
(Coperni-
cus, 2025b);
simulated
dioxid plume
(Esa, 2025);
GHGSat
(Ghgsat,
2025)

Carbon
seques-
tration

Geological storage analysis 40 % faster
than conventional tools (Punnam et al.,
2023); anomaly detection for subsurface
leakage (Hernandez-Mejia et al., 2024).
Similarity: DNN/RNN hybrids outperform
classical reservoir simulators in simula-
tion speed. Difference: PINNs more reli-
able when tested under new environments;
purely data-driven models require large
labeled datasets that are often unavailable
for novel geological sites.

DNNs (Hernandez-
Mejia et al., 2024;
Punnam et al., 2023;
You et al., 2020);
RNN/LSTM (Chao,
Maimai, Hanzhang,
Zhibo, & Xiaohui,
2023; Jia et al., 2024;
Z. Zhong, Sun, Yang,
& Ouyang, 2019);
Hybrid (L. Xi et al.,
2023)

Well logs;
seismic
surveys;
porosity/per-
meability
maps

AI offers powerful tools to create efficient and resilient cities/buildings by enabling
long-term climate resilience and sustainable growth. Ding, Ke, Levine, and Zhou
(2024) projected that AI applications could reduce building energy consumption and
associated emissions by 8–19% by 2050 beyond conventional approaches. In practice,
AI utilize sensor networks and historical data to improve design, operation and plan-
ning, recommend high-impact retrofit packages, and optimize Heating, Ventilation,
and Air Conditioning (HVAC) and lighting operations.

Figure 6 illustrates how ML and DL models address four representative tasks in
buildings/cities for climate change mitigation. In Figure 6(a), CNNs process multi-
source satellite and ground imagery to support near-real-time pollution monitoring
(Kow, Hsia, Chang, & Chang, 2022). Figure 6(b) presents an explainable AI (XAI)
pipeline by (Dang, Shin, et al., 2023) that produces transparent, interpretable heat
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demand forecasts for district heating systems. In Figure 6(c), Tien (Tien et al., 2021)
feeds live CCTV streams into a vision-based DL model to detect window-opening
events in real-time. This reduces winter heating losses by eliminating unnecessary
ventilation while maintaining indoor air quality. Finally, Figure 6(d) shows a hybrid
DLcellular automaton approach from (Hao, Wang, & Chen, 2024) that learns land
use transition rules from historical maps and driving factors to project future urban
scenarios for low-carbon planning. These examples demonstrate how AI can accelerate
that decarbonization by targeted preprocessing, interpretable modeling, occupant-
level sensing, and data-driven scenario projection.

(b) Heat usage patterns analysis.

(c) DL-based building ventilation heat losses reduction

(a) DL-based air pollutant monitoring

(d) DL-based future land uses prediction

Fig. 6 Representative AI approaches for each key task in buildings/cities. (a) Environmental mon-
itoring and emission reduction (Kow et al., 2022); (b) Energy efficiency and management (Dang,
Shin, et al., 2023); (c) Human-centric and behavioral recognition (Tien et al., 2021); and (d) Urban
planning and infrastructure optimization (Hao et al., 2024).

4.2.1 Energy efficiency and management
According to United Nations Environment Programme (UNEP) (UNEP, 2025), build-
ings account for approximately 40% of global energy use and one-third of GHG
emissions, predominantly from heating, cooling, and electricity demands. In buildings
and cities, AI enables real-time energy monitoring, predictive maintenance, and adap-
tive control of heating, cooling, and lighting systems, which dramatically cut energy
waste. For instance, Olu-Ajayi, Alaka, Sulaimon, Sunmola, and Ajayi (2022) validate
various DL models and identify deep neural networks (DNNs) as the most effective
predictive model for estimating annual building energy consumption during the early
design phase. Building retrofitting, which involves upgrading existing structures with
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energy efficient technologies and systems, such as improved insulation, HVAC, win-
dows, or lighting, also has huge potential to reduce energy consumption and improve
performance. Retrofitting existing buildings with smart technologies, such as EV inte-
gration, solar panels, and digital twin simulations, is increasingly utilized to reduce
emissions. For example, D. Ma, Li, Lin, Zhu, and Yue (2023) validated this approach
by using static and dynamic building features to train models that improve the
efficiency and accuracy of retrofit strategies under changing climate conditions.

4.2.2 Urban planning and infrastructure optimization
Urban planning and infrastructure optimization in the buildings sector play a criti-
cal role in mitigating climate change. Building standards can be optimized to employ
smart sensors and renewable energy sources to ensure that urban services run more
efficiently and with lower carbon footprints. Modern cities generate massive data
streams from traffic sensors, cell phones, utility meters, and satellite imagery, which AI
analyzes to optimize urban environments. For example, optimizing urban geometry,
such as building orientation, density, and green spaces, can lower carbon emissions by
over 50% in new constructions compared to conventional designs (Al-Waked, Nasif,
Groenhout, & Partridge, 2017). Y. Zhang et al. (2023) extend this to infrastruc-
ture management, where multi-objective optimization algorithms were implemented
to help infrastructure managers strategically plan maintenance and replacement inter-
ventions for long-term resilience and resource efficiency planning. (Hao et al., 2024)
integrated AI into scenario planning to enhance cities ability to anticipate and respond
to uncertain futures. Green infrastructure integration, including green roofs, passive
solar design, and flood resistant infrastructure, not only cuts emission and minimizes
urban heat islands but also reduces long-term energy consumption. AI can be used
to optimize green space distribution and building materials. For example, digital twin
technology can be employed to forecast how new buildings, or green spaces affect
city-wide energy demand or flood risk (Schrotter & Hürzeler, 2020).

4.2.3 Environmental monitoring and emission reduction
AI plays a crucial role in environmental monitoring by enabling the real-time collec-
tion, integration, and interpretation of vast, various data streams from networks of
IoT sensors that continuously collect data on air quality, temperature, humidity, and
noise. The collected data is fed into predictive ML and DL models to detect anoma-
lies and emerging trends in real-time. For example, (L. Zhu, Husny, Samsudin, Xu, &
Han, 2023) used a ConvLSTM model to capture spatio-temporal pollution dynamics
in pollution data. The model significantly improved water and air quality assessments
in rapidly urbanizing areas. For air pollution, AI models are used to forecast pollu-
tant concentrations and evaluate emission sources (Wu et al., 2023). (J. Liu, Zhou,
Yang, & Wu, 2022) integrated peer-to-peer energy trading and green vehicle storage
into an uncertainty-aware energy planning framework for net-zero energy communi-
ties. This approach offers actionable insights for achieving carbon neutrality in the
building sector by addressing uncertainties in weather parameters.
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4.2.4 Human-centric and behavioral recognition
This approach utilizes AI to monitor and influence human behavior in buildings and
cities to enhance sustainability. Networks of IoT devices and wearables feed real-time
data to AI models that detect occupant activities and adjust systems like heating or
lighting to save energy. For example, (Tien et al., 2021) introduced a vision-based
DL framework that detects and recognizes manual window operations in real-time
to reduce unnecessary heat loss. Beyond energy, this approach enhances human well-
being, productivity, and energy efficiency. (Bardoutsos et al., 2020) integrated IoT,
DL, and citizen engagement to monitor air pollution and noise at high spatial reso-
lution in urban environments. (M. Deng, Wang, Li, & Menassa, 2022) used a novel
Digital ID concept to predict and track individual occupants real-time indoor comfort
states. On a larger scale, AI can promote sustainable behaviors in entire communi-
ties or cities by analyzing patterns and providing personalized recommendations for
reducing energy consumption or waste.

4.2.5 Discussion
Table 5 illustrates concrete applications of AI on four critical domains: energy
efficiency and management, urban planning and infrastructure optimization, envi-
ronmental monitoring and emission reduction, and occupancy behavior recognition.
Across the reviewed studies on buildings and cities, DNNs and boosting algorithms
demonstrate the strongest performance for building energy consumption forecasting.
Notably, DNNs show advantages in early-design-phase predictions where physical sen-
sor data is unavailable (Olu-Ajayi et al., 2022). RL-based HVAC control systems
consistently outperform rule-based controllers, reporting energy reductions of 9–13%
in large buildings and campuses (Luo et al., 2022; Nweye et al., 2025). However,
these systems often rely on simulation environments that fail to capture the full vari-
ability of real-world occupant behavior. Although XAI methods, such as SHapley
Additive exPlanations (SHAP), are increasingly integrated into building energy tools
to enhance practitioner trust (Dang, Shin, et al., 2023), a systematic quantification
of their computational cost remains absent from the literature.

A key methodological concern is that many reviewed studies are validated on single
buildings or controlled environments, with very few reporting cross-building or multi-
year generalization performance (Shen et al., 2026). This suggests that benchmark
results in this domain may be systematically optimistic. Additionally, the literature is
dominated by single-asset optimization, with scarce attention paid to how building-
level AI decisions aggregate into grid-level flexibility or neighborhood-scale emission
reductions (Hintz, Gross, Creutzig, & Kaack, 2026).

4.3 Transportation
Transportation is the largest source of global GHG emissions driven mainly by road
vehicles and freight. Globally, the transportation sector contributes approximately
23% of energy-related CO2 emissions, with road vehicles, including cars and trucks,
accounting for about 70% of direct transport emissions (U.S.E.P. Agency, 2025).
In the United States, transportation accounts for 29% of total emissions in 2022
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(U.S.E.P. Agency, 2025). In the European Union (EU), road transport alone generates
73.2% of the region’s transport GHG emissions (E.E. Agency, 2025). As urbanization
accelerates and global mobility demands rise, transportation-related emission reduc-
tion becomes a critical priority for mitigating climate change. The sector’s emissions
are influenced by factors such as economic growth, urban expansion, and technological
advancements. For example, while total U.S. domestic emissions declined by approxi-
mately 50% from 1990 to 2020, transportation emissions only decreased by 23% over
the same period (EPA, 2025). Addressing this challenge requires effective mitigation
strategies including electrifying passenger cars and buses, switching freight to rail and
low-emission trucks, expanding and improving public transit, shifting freight logistics
and modal choices, adopting low-carbon fuels, and promoting behavioral shifts toward
sustainable transport options.

AI can accelerate and scale those transportation solutions by extracting insights
from huge, heterogeneous data streams and turning them into actionable control, plan-
ning, and policy tools. AI’s ability to process vast amounts of data, predict patterns,
and optimize systems in real-time, contributing to significant emission reductions for
these tasks. Examples include real-time traffic prediction and adaptive signal control
that lower congestion and fuel burn; route planning and freight assignment algorithms
that minimize kilometers and empty runs; demand forecasting and dynamic transit
scheduling that boost public transport efficiency and ridership; smart charging and
battery management algorithms that optimize EV load to match renewable genera-
tion and enable vehicle-to-grid services; predictive maintenance for fleets that keeps
vehicles operating efficiently.

Figure 7 depicts four main tasks where AI can decarbonize and optimize trans-
portation networks. In figure 7(a), G. Zhang, Chang, Jin, Yang, and Huang (2024)
implement Deep RL for adaptive traffic signal control to eliminate reliance on exten-
sive historical data. In figure 7(b), R. Wang et al. (2024) show an accurate, data-driven
probabilistic energy model for vehicle routing problem formulated as second-order
cone programming. Figure 7(c) illustrates a RL-based bus timetable optimization from
(Ai, Zuo, Chen, & Wu, 2022), where passenger loads, traffic conditions, and vehi-
cle status are input to the model so departure times can be adjusted dynamically to
reduce idle time. Finally, Figure 7(d) highlights modern EV infrastructure, such as
AI-based smart charging-station by (Hemavathi & Shinisha, 2022) and autonomous
driving frameworks such as Nvidia DRIVE (Nvidia, 2025), which together support
greener, more resilient mobility.

4.3.1 Traffic optimization
Congested roadways cause vehicles to spend more time idling or accelerating and
decelerating frequently, which leads to higher fuel consumption and pollutant out-
put per mile travelled. By smoothing traffic flow through measures like adaptive
signal control and dynamic lane assignments, vehicles can minimize stop-and-go con-
ditions, shorten trip durations, and encourage shifts to more efficient modes. AI can
be applied to various tasks of traffic optimization, such as managing flow, predicting
congestion, and adjusting signals using real-time CCTV feeds. For instance, Google’s
Project Green Light initiative uses AI and Google Maps driving trends to model
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(d) A smart charging station sample and Nvidia DRIVE(c) RL-based bus timetable dynamic optimization

(b) Robust routing for a mixed fleet of trucks

Fig. 7 Representative AI approaches for each key task in transportation transformation. (a) Traffic
optimization (G. Zhang et al., 2024); (b) Fleet management (R. Wang et al., 2024); (c) Public transit
(Ai et al., 2022); and (d) Electric vehicles (Hemavathi & Shinisha, 2022).

traffic patterns and optimize existing traffic light plans at over 70 intersections glob-
ally. The project demonstrates that AI can decrease vehicle stops by up to 30% and
GHG by 10% (Matias, 2025). In another significant advancement, Shang et al. (2025)
developed a deep RL-based traffic signal control method integrated with Coopera-
tive Vehicle-Infrastructure Systems and a Day-to-Day Dynamic Traffic Assignment
model to dynamically optimize signal timings and traveler behavior using real-time
traffic data and road network simulations. Their Sioux Falls network case study
demonstrated a 21-27% reduction in CO2 emissions across various scenarios, with a
remarkable 54.9% reduction on high traffic Link 28. Similarly, Bogaerts, Masegosa,
Angarita-Zapata, Onieva, and Hellinckx (2020) introduced a DNNs combining graph
convolutional layers for spatial traffic patterns and LSTM units for temporal dynam-
ics. Applied to DiDi’s GPS data in Xi’an and Chengdu, their model achieved high
accuracy in multi-step traffic predictions (5 minutes to 4 hours), which supported
traffic management that reduces stop-and-go emissions at urban intersections. These
AI-based approaches collectively demonstrate how intelligent traffic management can
substantially contribute to urban sustainability goals by optimizing vehicle flow and
reducing transportation-related emissions.

4.3.2 Fleet management
Fleet management is crucial in reducing transportation’s carbon footprint by ensur-
ing that commercial and public vehicle fleets operate as efficiently as possible. AI
can be applied to various tasks of fleet utilization, such as optimizing vehicle routing,
minimizing empty or underloaded trips, monitoring driver behavior, and predicting
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maintenance needs, to significantly enhance operational efficiency while reducing car-
bon emissions. For example, optimizing hard acceleration and braking can improve
fuel efficiency by 33%, while proactive maintenance can boost it by 4% (Raziel, 2025).
Manchella, Haliem, Aggarwal, and Bhargava (2021). developed a dynamic framework
integrating multi-hop goods transfer, negotiation-based pricing, and RL for real-time
dispatch optimization. Their simulations demonstrated a 15% increase in fleet uti-
lization and 20% higher operational profits compared to conventional methods, with
success in combined passenger and freight transport scenarios where adaptive routing
reduced empty vehicle miles. AI is also driving a major shift in logistics automation.
For instance, China is rapidly scaling up its deployment of driverless lorries for the
Beijing-Tianjin route (BBC, 2025). These systems operate at Level 4 autonomy, which
enables drivers to disengage from active driving during highway segments while main-
taining oversight. Together, these AI-based fleet management studies enable fleets to
operate leaner, greener, and more cost-effectively.

4.3.3 Public transit
Public transit is a key factor of climate change mitigation because it shifts travel
demand away from high-emission private vehicles toward more efficient, shared modes.
Well-designed transit networks reduce per-passenger energy use by operating larger
vehicles at higher average load factors. A report by (Ben Welle & Albuquerque, 2025)
demonstrates that public transport reduces GHG emissions by up to two-thirds per
passenger-kilometer compared to private vehicles. AI dramatically boosts these envi-
ronmental advantages by optimizing routes, schedules, and operations to enhance
reliability and efficiency. RL algorithms continuously adjust route alignments and
headways in response to service disruptions, traffic conditions, or special events. For
example, Ai et al. (2022) introduced a bus timetable optimization method that uses
a Deep Q-Network to dynamically adjust departure intervals based on real-time pas-
senger demand. By analyzing real-time passenger demand from smart card and sensor
data, their method reduced operational costs through optimized vehicle deployment
while cutting average wait times during peak fluctuations with lower fuel consump-
tion per passenger compared to fixed scheduling. Similarly, Schmaranzer, Braune, and
Doerner (2021) engineered a two-phase optimization framework combining evolution-
ary algorithms with multi-directional search to process real-world demand data from
mobile networks and infrared counters. Their method achieved superior Pareto front
accuracy and spread in balancing cost and service-level objectives.

4.3.4 Electric vehicles (EVs)
EVs are the most useful by-product of renewable technologies in transportation
domain due to eco-friendly and user-friendly nature. When charged from renewable
energy sources, EVs achieve significantly lower lifecycle GHG footprints than their
gasoline or diesel counterparts (Hemavathi & Shinisha, 2022). Widespread EV adop-
tion also drives economies of scale in battery manufacturing by encouraging innovation
in energy storage that benefits the wider renewable sector, such as grid-scale bat-
teries for wind and solar integration. Z. Zhong, Hu, and Zhao (2024) demonstrated
that aligning EV charging with renewable energy supply and low-demand periods
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reduced EV-related GHG emissions by 2738% compared to uncontrolled charging. AI
is reshaping the EV ecosystem at every level, from design and production to opera-
tion and infrastructure management. Advanced driver-assistance systems (ADAS) and
autonomous driving algorithms improve energy efficiency through smoother acceler-
ation, optimized routing, and cooperative platooning. For example, Teslas Autopilot
(Tesla, 2025) and NVIDIAs DRIVE platform (Nvidia, 2025) employ advanced deep
learning algorithms to improve navigation and collision avoidance by processing real-
time sensor data. Smart charging platforms utilize AI to forecast grid load, renewable
generation, and electricity prices. For example, Roberge, Brooks, and Tarbouchi
(2024) showed that a particle swarm optimization (PSO)-based recharge scheduling
system managed hundreds of EVs in a parking lot in real-time.

4.3.5 Discussion
Across the reviewed transportation studies summarized in Table 6, deep RL consis-
tently delivers superior performance for adaptive traffic signal control and EV charging
optimization. Documented GHG reductions range from 10% at the intersection level
(Matias, 2025) to 21–27% at the network scale (Shang et al., 2025). However, most
RL deployments are validated primarily in simulation environments using benchmark
networks such as Sioux Falls (Shang et al., 2025) or real-world GPS traces from DiDi
in Xi’an and Chengdu (Bogaerts et al., 2020), leaving the gap between simulated and
real-world performance poorly characterized. GNN-based traffic forecasting models
outperform LSTM baselines in capturing spatial dependencies across road networks.
However, they rely on high-quality graph topology data that is often unavailable or
outdated in many cities outside North America, Europe, and East Asia. In fleet man-
agement, optimizing driving behaviors (e.g., mitigating hard acceleration and braking)
has been shown to improve fuel efficiency by up to 33% (Raziel, 2025), while RL-based
dispatch optimization achieves 15% higher fleet utilization and 20% higher opera-
tional profits compared to conventional methods (Manchella et al., 2021). Notably,
these promising results stem largely from simulations or GPS-derived datasets rather
than live operational deployments.

A critical unresolved issue exists between individual vehicle optimization and
system-level emission outcomes. Studies that optimize routing, charging, or signal tim-
ing for individual assets in isolation may yield poor or even counterproductive results
at the network level (Mazzarino, Macii, Bottaccioli, & Patti, 2023). This is partic-
ularly evident when EV charging peaks coincide with periods of grid stress. Future
research should shift from single-intersection or single-fleet evaluations toward city-
scale multi-agent frameworks that explicitly model the complex interactions between
traffic flow, energy grids, and transit systems.

4.4 Industry
Industry is a major climate challenge, responsible for roughly 26% of global CO2
emissions and more than 37% of the worlds energy use (T.I.E. Agency, 2025). Its
energy-intensive activities such as mining, manufacturing, construction, and waste
management, still rely heavily on fossil fuels. This sector contributes significantly
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through energy-intensive processes like steel and cement production, chemical man-
ufacturing, and textiles, often relying on fossil fuels that drive emissions. Mitigation
efforts within the industry focus on transitioning to low-carbon technologies, improv-
ing energy efficiency, adopting circular economy practices to reduce waste, and
integrating renewable energy sources to curb emissions from electricity and heat
production, which are major contributors.

AI can significantly enhance mitigation efforts by leveraging data analytics, predic-
tive modeling, and optimization to reduce emissions across various sectors. It is being
integrated into various parts of the industrial sector, such as supply chain and logistics
optimization, emissions monitoring and management, process control and parameter
optimization, and predictive maintenance, to reduce environmental impact.

4.4.1 Supply chain and logistics optimization
According to European Commission (Comission, 2025), logistics activities, such as
transportation of goods, warehousing operations, and delivery, account for approx-
imately 2.9% of global CO2 emissions. Inefficient routing, imbalanced load factors,
and underutilized assets increase unnecessary energy use, while excess inventory block
storage and handling. AI is revolutionizing the supply chain optimization by bringing
real-time data analytics, ML DL, and advanced automation into every part of the sec-
tor. For instance, Kalusivalingam, Sharma, Patel, and Singh (2022) developed a novel
supply chain optimization framework that integrates deep RL and predictive analyt-
ics. This approach improved supply chain efficiency by enhancing real-time decision
making and forecasting potential disruptions. Similarly, Issaoui, Khiat, Bahnasse, and
Ouajji (2021) proposed an innovative framework based on LSTM model to optimize
resource allocation and task scheduling in dynamic logistics environments. The simula-
tion results demonstrated a high accuracy of over 92% for logistics optimization. These
AI applications provide a proof of concept for reducing emissions-intensive practices.

4.4.2 Process control and parameter optimization
This is a fundamental component of industrial efficiency, which directly influences
energy consumption, raw material use, and emission output. In energy-intensive sec-
tors such as cement, steel, and petrochemicals, process inefficiencies can lead to
significant energy waste and excess greenhouse GHG emissions. On the other hand,
small deviations in parameters, such as temperature, pressure, flow rates, or mixing
ratios, can lead to disproportionately large increases in fuel use, unburned feedstock,
or defective products. AI-based process control systems utilize real-time data from
sensors and historical records to dynamically optimize operational parameters. For
example, Zimmerling, Poppe, Stein, and Kärger (2022) developed an RL framework
that trains an NN to eliminate surrogate model reconstruction for new component
geometries. This model provided a lean and adaptive solution for rapid part and pro-
cess development by showing that the network generalized to unseen geometries and
reused existing data instead of requiring new samples. Similarly, K. Huang, Wei, Li,
Yang, and Gui (2022) established theoretical stability for an LSTM-based model pre-
dictive control (MPC) system in industrial processes by unifying multi-mode system
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prediction without explicit mode switching strategies. Supported by theoretical anal-
yses of stability and feasibility, their approach achieved a 10% reduction in overshoot
and improved control accuracy compared to existing learning-based methods. With a
different approach, X. Kong and Ge (2021) presented a novel industrial process moni-
toring framework that integrated hierarchical latent feature extraction with Bayesian
inference and a weighting strategy to combine diverse monitoring statistics. By con-
verting layer-based features into posterior probabilities and merging them into unified
probabilistic statistics, this method offered a more comprehensive and accurate moni-
toring index, validated on the Tennessee Eastman process. These studies demonstrate
significant potential of AI for improving industrial efficiency and sustainability.

4.4.3 Predictive maintenance
Predictive maintenance ensuring that industrial assets, from motors and pumps to tur-
bines and boilers, operate at peak efficiency and do not consume excess energy due to
wear or impending failures. Unplanned downtime often forces facilities to run backup
equipment, scrap partially processed materials, or perform emergency fixes that gen-
erate waste and excess emissions. By anticipating failures before they occur, AI-based
predictive maintenance minimizes unplanned stops, prevents the energy spikes asso-
ciated with restarting heavy machinery, and reduces reactive maintenance costs by
up to 25% (Molęda, Małysiak-Mrozek, Ding, Sunderam, & Mrozek, 2023). DNNs and
ensemble models can identify non-linear patterns in high-frequency vibration, tem-
perature, pressure, or acoustic signals that traditional threshold-based systems would
miss. For example, Cheng et al. (2018) proposed a novel machine health monitoring
framework that processed data across time, frequency, and time-frequency domains.
Their method used a Euclidean distance-based algorithm to pinpoint key degrada-
tion indicators and applied adaptive kernel spectral clustering to spot anomalies. The
authors further enhanced this with an LSTM-RNN model, which delivered precise
failure time predictions and performed well on test-to-failure datasets. In a separate
study, Arunthavanathan et al. (2021) deployed a hybrid CNN-LSTM model to detect
emerging process fault symptoms within predicted data windows. This technique
proves highly effective for timely fault detection in complex systems, as validated on
the Tennessee Eastman process. Digital twins have also been used to simulate fault
progression under varying load and environmental conditions (C. Chen, Fu, Zheng,
Tao, & Liu, 2023). Therefore, maintenance teams can optimize service intervals and
parts replacement schedules in time.

4.4.4 Emissions monitoring and management
Emissions monitoring and management is crucial for industries to track, report, and
reduce industrial GHG outputs effectively. Frameworks like the UN’s Global Climate
Change Statistics and Indicators provide 44 metrics to evaluate emission drivers,
impacts, and mitigation efforts (Nations, 2025a). Traditional monitoring systems, such
as stack-mounted continuous emissions monitors (CEMs), periodic manual sampling,
and mass balance calculations, offer snapshots of CO2, nitrogen oxides (NOX), sul-
fur oxides (SOX), and volatile organic compound (VOC) emissions but often lack
the real-time responsiveness to catch fugitive leaks. Robust management frameworks
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then translate this data into compliance reporting, emissions trading and offset strate-
gies, and targeted mitigation projects. AI is transforming the field by enhancing both
detection and decision-making capabilities on various scales. For example, J. Liu et
al. (2023) developed a real-time, data-driven framework for industrial park carbon
emission estimation. The framework utilized a DL-based non-intrusive load moni-
toring algorithm for Scope 1 emissions with locational marginal factors for Scope 2
emissions (J. Liu et al., 2023). The 93.4% device identification accuracy and a 0.44%
annual estimation error of the framework demonstrated AI potential to revolution-
ize emissions management. On the other hand, Khayyam et al. (2021) developed an
innovative waste heat recovery system for carbon fiber stabilization, which integrated
ANNs and nonlinear regression to predict energy use (Khayyam et al., 2021). The
system boosted energy efficiency by 86% and cut the carbon footprint by 28.5 tons
annually under real manufacturing settings.

Figure 8 display representative AI techniques for four keys industrial decarboniza-
tion tasks. Figure 8(a) shows a DL-based MPC scheme for real-time, responsive supply
chain management proposed by (J. Wang, Swartz, & Huang, 2023). A DNN is trained
offline using optimal state-input pairs obtained from solving the MPC problem for
various scenarios. Once deployed online, the DNN provides near-instant control deci-
sions and dramatically reduces the real-time computational burden of solving MPC.
In figure 8(b), Zimmerling et al. (2022) use RL to train a NN that maps variable com-
ponent geometries directly to optimal process parameters. The framework generalizes
to previously unseen geometries without per-case retraining. Figure 8(c) presents the
predictive maintenance workflow from (Cheng et al., 2018), which extracts time- and
frequency-domain features using Euclidean-distance filtering, applies adaptive cluster-
ing, and employs LSTM-based RNNs to detect anomalies early and forecast remaining
useful life. Finally, Figure 8(d) depicts a hybrid DL architecture by (J. Liu et al.,
2023) that fuses historical and live meter data from an industrial park to produce
continuous emission estimations at the unit-process level.

4.4.5 Discussion
Table 7 describes in detail how AI is being applied into every part of smart industrial
transformation by aligning the mentioned four main tasks with their real-world appli-
cations, algorithmic approaches, and data sources. Hybrid CNN-LSTM and ensemble
residual DNN architectures achieve the highest performance for fault detection. For
instance, solar PV monitoring systems utilizing these approaches have reported 94%
anomaly detection accuracy and 86% fault classification for 12 distinct fault types (Le
et al., 2021). However, industrial process fault detection is frequently validated exclu-
sively on the TEP simulation (Arunthavanathan et al., 2021; Cheng et al., 2018). This
reliance on a single benchmark raises significant reproducibility concerns for cross-
facility deployment, as very few studies validate models on multi-plant or multi-year
operational data. In supply chain and logistics optimization, Deep RL and LSTM-
based demand forecasting deliver consistent gains. Logistics optimization accuracy
exceeds 92% (Issaoui et al., 2021), while RL-based real-time decision-making enhances
supply chain disruption response (Kalusivalingam et al., 2022). However, model perfor-
mance often degrades under supply disruption scenarios absent from training data. On
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(d) Real-time carbon emission estimation for industrial parks

(b) RL-based manufacturing process optimization using 

variable component geometries

(a) Model predictive control for supply chain optimization

(c) Adaptive kernel spectral clustering and deep RNNs for 

machine health monitoring

Train
Train

Fig. 8 Representative AI approaches for each key task in industry transformation. (a) Supply chain
and logistics optimization (J. Wang, Swartz, & Huang, 2023); (b) Process control and parameter
optimization (Zimmerling et al., 2022); (c) Predictive maintenance (Cheng et al., 2018); and (d)
Emissions monitoring and management (J. Liu et al., 2023).

the other hand, process control models embedded with physics-based constraints, such
as LSTM-MPC systems that achieve a 10% reduction in overshoot compared to purely
data-driven controllers (K. Huang et al., 2022), demonstrate superior generalization
across operating regimes.

Recently, an emerging trend toward lifecycle emissions accounting in AI model
evaluations has gained attention. However, Scope 3 emissions accounting remains
significantly more challenging and less comprehensive than Scope 1 (direct) and Scope
2 (indirect energy) assessments, which primarily cover operational compute (Kim,
Yoo, & Chung, 2025; J. Liu et al., 2023). This methodological limitation renders
sector-wide mitigation estimation difficult and necessitates greater attention from the
research community to develop robust frameworks for tracking value-chain impacts.

4.5 Agriculture
Agriculture, including associated land use, is a significant contributor to climate
change and highly vulnerable to its impacts. Food and Agriculture Organization of
the United Nations (FAO) data (FAO, 2025a) reveal that agrifood systems, includ-
ing pre- and post-production activities, emitted about 16.2GtCO2-eq, roughly 30%
of total human emissions. Roughly half of those emissions come from on-farm crops
and livestock processes (7.8Gt), with land use change (deforestation, biomass burning,
peat degradation) contributing about 3.1Gt. Moreover, efforts to boost productiv-
ity, such as excessive pesticide use and monoculture farming, worsen environmental
degradation.

36



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

T
ab

le
7

Su
m

m
ar

y
of

fo
ur

ta
sk

ar
ea

s
fo

r
A

I
in

sm
ar

t
in

du
st

ri
al

tr
an

sf
or

m
at

io
n,

in
cl

ud
in

g
(1

)
su

pp
ly

-c
ha

in
an

d
lo

gi
st

ic
s

op
tim

iz
at

io
n;

(2
)

pr
oc

es
s

co
nt

ro
la

nd
pa

ra
m

et
er

op
tim

iz
at

io
n;

(3
)

pr
ed

ic
tiv

e
m

ai
nt

en
an

ce
;a

nd
(4

)
G

H
G

m
on

ito
ri

ng
an

d
m

an
ag

em
en

t.
C

ol
um

n
2

re
po

rt
s

th
e

be
st

qu
an

tit
at

iv
e

m
et

ri
c

an
d

cr
os

s-
st

ud
y

co
m

pa
ri

so
n.

A
bb

re
vi

at
io

ns
:R

L
=

re
in

fo
rc

em
en

t
le

ar
ni

ng
;D

N
N

=
de

ep
ne

ur
al

ne
tw

or
k;

LS
T

M
=

lo
ng

sh
or

t-
te

rm
m

em
or

y;
C

N
N

=
co

nv
ol

ut
io

na
ln

eu
ra

ln
et

w
or

k;
A

E
=

au
to

en
co

de
r.

Ta
sk

s
K

ey
m

et
ric

&
cr

os
s-

st
ud

y
fin

di
ng

R
ep

re
se

nt
at

iv
e

m
et

ho
ds

R
ep

re
se

nt
at

iv
e

da
ta

Su
pp

ly
ch

ai
n

&
lo

gi
st

ic
s

op
tim

iz
a-

tio
n

Lo
gi

st
ic

s
op

tim
iz

at
io

n
ac

cu
ra

cy
>

92
%

( I
ss

ao
ui

et
al

.,
20

21
).

Si
m

ila
ri

ty
:D

ee
p

R
L

an
d

LS
T

M
-b

as
ed

fo
re

ca
st

in
g

ou
tp

er
fo

rm
he

ur
ist

ic
sc

he
du

le
rs

.D
iff

er
en

ce
:P

er
fo

rm
an

ce
de

gr
ad

es
sig

ni
fic

an
tly

un
de

r
su

pp
ly

di
sr

up
tio

n
sc

en
ar

io
s

ab
se

nt
fr

om
tr

ai
ni

ng
da

ta
,w

hi
ch

is
th

e
co

nd
iti

on
s

m
os

t
re

le
va

nt
to

cl
im

at
e-

re
sil

ie
nt

op
er

at
io

ns
.

R
L

( K
al

us
iv

al
in

ga
m

et
al

.,
20

22
;

O
ro

o-
jlo

oy
ja

di
d,

N
az

ar
i,

Sn
yd

er
,&

Ta
ká

č,
20

22
);

D
N

N
s

(B
as

sio
un

i,
C

ha
kr

ab
or

tt
y,

Sa
lla

m
,

&
H

us
sa

in
,

20
24

;
H

an
&

Zh
an

g,
20

21
;

J.
W

an
g,

Sw
ar

tz
,&

H
ua

ng
,2

02
3)

;R
N

N
/L

-
ST

M
(C

ha
nd

ria
h

&
N

ar
ag

an
ah

al
li,

20
21

;
Is

sa
ou

i
et

al
.,

20
21

;
H

.D
.

N
gu

ye
n,

Tr
an

,
T

ho
m

as
se

y,
&

H
am

ad
,2

02
1)

;

Tr
an

sp
or

ta
tio

n
lo

gs
;

G
PS

tr
aj

ec
to

rie
s;

H
ist

or
ic

al
sa

le
s

an
d

sh
ip

m
en

t
re

co
rd

s

Pr
oc

es
s

co
nt

ro
l

&
pa

ra
m

et
er

op
tim

iz
a-

tio
n

O
ve

rs
ho

ot
re

du
ce

d
by

10
%

vs
.

ex
ist

in
g

le
ar

ni
ng

-b
as

ed
M

PC
( K

.H
ua

ng
et

al
.,

20
22

);
R

L
ge

ne
ra

liz
es

to
un

se
en

ge
om

et
rie

s
(Z

im
m

er
lin

g
et

al
.,

20
22

).
Si

m
ila

ri
ty

:L
ST

M
-

M
PC

w
ith

ph
ys

ic
s

co
ns

tr
ai

nt
s

ou
tp

er
fo

rm
s

pu
re

ly
da

ta
-

dr
iv

en
co

nt
ro

lle
rs

fo
r

va
rio

us
op

er
at

in
g

co
nd

iti
on

s.
D

if-
fe

re
nc

e:
R

L-
ba

se
d

ap
pr

oa
ch

es
ge

ne
ra

liz
e

be
tt

er
to

no
ve

l
ge

om
et

rie
s;

ph
ys

ic
s-

co
ns

tr
ai

ne
d

m
od

el
s

sh
ow

st
ro

ng
er

ou
t-

of
-d

ist
rib

ut
io

n
ro

bu
st

ne
ss

.

A
E

( O
u

et
al

.,
20

22
)

R
L

(Y
oo

,K
im

,K
im

,
&

Le
e ,

20
21

;
Zi

m
m

er
lin

g
et

al
.,

20
22

);
R

N
N

/L
ST

M
(K

.
H

ua
ng

et
al

.,
20

22
);

H
yb

rid
(X

.K
on

g
&

G
e,

20
21

;S
in

g,
K

uo
,

Sh
ih

,H
o,

&
C

hu
a,

20
21

)

Pr
oc

es
s

sim
-

ul
at

io
n

da
ta

;
T

im
e-

se
rie

s
pr

oc
es

s
va

ri-
ab

le
s

Pr
ed

ic
tiv

e
m

ai
nt

e-
na

nc
e

94
%

an
om

al
y

de
te

ct
io

n;
86

%
fa

ul
t

cl
as

sifi
ca

tio
n

(1
2t

yp
es

)(
Le

et
al

.,
20

21
);

va
lid

at
ed

on
Te

nn
es

se
e

Ea
st

-
m

an
(A

ru
nt

ha
va

na
th

an
et

al
.,

20
21

;C
he

ng
et

al
.,

20
18

).
Si

m
ila

ri
ty

:
C

N
N

-L
ST

M
hy

br
id

s
ou

tp
er

fo
rm

C
N

N
-o

nl
y

an
d

LS
T

M
-o

nl
y.

D
iff

er
en

ce
:R

es
ul

ts
co

nc
en

tr
at

ed
on

tw
o

be
nc

hm
ar

ks
(s

ol
ar

PV
,

Te
nn

es
se

e
Ea

st
m

an
),

lim
iti

ng
cr

os
s-

fa
ci

lit
y

ge
ne

ra
liz

ab
ili

ty
;r

ea
l-w

or
ld

m
ul

ti-
pl

an
t

va
l-

id
at

io
n

al
m

os
t

en
tir

el
y

ab
se

nt
.

C
N

N
s

( A
bd

el
at

y,
D

or
ig

uz
zi

-C
or

in
,

&
Si

r-
ac

us
a ,

20
21

;
D

ef
ar

d,
Se

tk
ov

,
Lo

es
ch

,
&

A
ud

ig
ie

r,
20

21
;

W
.

W
an

g
et

al
.,

20
21

);
R

N
N

/L
ST

M
(C

he
ng

et
al

.,
20

18
;F

.K
on

g,
Li

,
Ji

an
g,

W
an

g,
&

So
ng

,
20

21
);

H
yb

rid
( A

ru
nt

ha
va

na
th

an
et

al
.,

20
21

;
M

oh
am

-
m

ad
i,

M
ah

m
ou

d,
&

El
be

st
aw

i,
20

21
;J

.Y
u

et
al

.,
20

21
);

V
ib

ra
tio

n
an

d
ac

ou
st

ic
da

ta
;

M
ai

nt
en

an
ce

lo
gs

an
d

fa
il-

ur
e

re
co

rd
s

G
H

G
m

on
ito

r-
in

g
&

m
an

ag
e-

m
en

t

93
.4

%
de

vi
ce

id
en

tifi
ca

tio
n;

an
nu

al
es

tim
at

io
n

er
ro

r
0.

44
%

( J
.

Li
u

et
al

.,
20

23
);

en
er

gy
effi

ci
en

cy
+

86
%

,
ca

rb
on

fo
ot

pr
in

t
re

du
ce

d
by

28
.5

t/
ye

ar
( K

ha
yy

am
et

al
.,

20
21

).
Si

m
ila

ri
ty

:D
L-

ba
se

d
m

on
ito

rin
g

ou
tp

er
fo

rm
s

m
an

ua
l

C
EM

s
fo

r
re

al
-t

im
e

de
te

ct
io

n.
D

iff
er

en
ce

:
N

o
re

vi
ew

ed
st

ud
y

co
ns

id
er

s
pr

oc
es

s-
le

ve
lg

ai
ns

th
ro

ug
h

to
Sc

op
e3

su
pp

ly
ch

ai
n

em
iss

io
n

re
du

ct
io

ns
.

B
oo

st
in

g
(R

ub
io

-L
oy

ol
a

&
Pa

ul
-F

ils
,

20
22

);
D

N
N

s
(S

.
C

he
n

et
al

.,
20

23
;

K
ha

yy
am

et
al

.,
20

21
);

H
yb

rid
(J

.
Li

u
et

al
.,

20
23

)

In
du

st
ria

l
se

ns
or

lo
gs

;
M

et
eo

ro
lo

g-
ic

al
da

ta
;

O
C

O
-2

/3
( N

as
a,

20
25

)

37



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

At the same time, climate change is also harming global agriculture. For example,
climate change is projected to cause a 65% decline in global bee populations by 2070,
which are vital to 75% of global food crops (Rahimi & Jung, 2024). This unsustainable
cycle of intensive agriculture undermines both ecological stability and long-term food
production. Studies estimate that each 1 ◦C of warming reduces average staple crop
yields by about 4.4% (Hultgren et al., 2025). Empirical data confirm that recent
droughts and soil degradation could reduce maize yields by 11.4% in the top five
maize-producing countries (including the U.S., China, Brazil, Argentina, and Mexico)
under a 2 ◦C warming scenario (K. Li, Pan, Xiong, Xie, & Ali, 2022). At the same
time, extreme weather events linked to climate change, such as record heat, droughts,
floods, and cyclones, are causing acute losses. For example, FAO (2024) reported that
Hurricane Helene led to flooding and rainfall, the most seen since Katrina in 2005,
causing more than 200 deaths and tens of billions of dollars in economic losses.

FAO (Wisser et al., 2023) identifies four key pathways for significantly reducing the
GHG emissions while maintaining productivity: improved animal health and breeding,
optimized manure management, precision nutrient application, and reduction of food
loss/waste. In addition, precise agriculture practices, including precision fertilization,
cover cropping, and agroforestry, can sequester carbon and cut per unit emissions. AI
and data analytics are accelerating the transition to smart agriculture through pre-
cision resource optimization and early warning systems. Modern AI platforms that
utilize advanced technologies such as satellite imagery, IoT sensors, drones, and data
analytics to observe, measure, and respond to variability in crops within fields. This
approach enables farmers to optimize field-level management regarding crop farm-
ing by applying inputs like water, fertilizers, and pesticides at variable rates based
on real-time data, thus enhancing productivity, sustainability, and profitability while
minimizing environmental impact.

Figure 9 illustrates representative AI approaches for three main agricultural
tasks that contribute to climate change mitigation. In figure 9(a), Z. Zhang, Kaya-
can, Thompson, and Chowdhary (2020) present an autonomous corn stand counting
robot that uses onboard RGB imaging and a mobile platform to automate stand
counts and scouting, thus reducing field visits and the associated emissions. Figure
9(b), L.Q. Nguyen et al. (2023) shows high throughput phenotyping workflow, in
which segmented fruit/plant masks are converted into skeletons and basic spline
medial axes to extract precise shape and trait measurements that accelerate crop
breeding pipelines. In figure 9(c), Kashyap, Kumar, Jaiswal, Prasad, and Gandomi
(2021) demonstrate an IoTLSTM irrigation system that fuses distributed soil mois-
ture, temperature/humidity and remote data through a gateway to a cloud-based
LSTM model, enabling optimal irrigation scheduling and planning. Overall, these
technologies improve resource efficiency, shorten breeding cycles, and lower GHG
footprints through targeted interventions, leading to a more sustainable agricultural
productivity.

4.5.1 Crop breeding
Crop breeding is the scientific process of genetically improving plants to develop new
varieties with desirable traits, such as enhanced yield, disease resistance, nutritional
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takes in an input mask

(c) IoT-LSTM network-based irrigation system

Fig. 9 Representative AI approaches for each key task in agriculture. (a) Emission reduction
(Z. Zhang et al., 2020); (b) Crop breeding (L.Q. Nguyen et al., 2023); and (c) Precision farming
(Kashyap et al., 2021).

quality, and adaptability to environmental conditions. By developing crop varieties
resilient to both abiotic stresses (e.g., drought, heat, salinity, and flooding) and biotic
stresses, this approach sustains productivity under adverse conditions, reduces pres-
sure to expand agricultural land, and enhances ecosystem services such as soil health
and biodiversity (Marsh, Hu, Gill, Batley, & Edwards, 2021). AI accelerates crop
breeding by integrating big data analytics, ML and DL to handle vast datasets from
genomics, phenomics, and enviromics. Key applications include: (1) predictive breed-
ing via genomic selection, where ML models accelerate the identification of superior
genotypes; (2) high throughput phenotyping using vision-based imaging and sensors
to non-invasively quantify plant traits; and (3) genotype to phenotype modeling that
deciphers complex trait interactions for accurate prediction. Beyond breeding, AI
further enables gene functional analysis to optimize genotype-by-environment inter-
actions, and climate-resilient pipeline design. For example, L.Q. Nguyen et al. (2023)
highlighted how AI analyzes genomic, environmental, and phenotypic data to optimize
breeding, shorten timelines, and prioritize high-yield varieties under stress. Rai (2022)
showed that the integration of speed breeding with AI tools like genomic selection and
high throughput phenotyping accelerated the development of climate-resilient vari-
eties, achieving 95100% germination in rice and 8 generations/year in wheat/barley.
Additional evidence demonstrates how AI can be used to accelerate genomic prediction
is Avalo’s genome analysis (TechCrunch, 2025). Their approach emphasizes existing
traits by simulating the genomes interaction in context to speed up and reduce the
cost of breeding climate-resilient crops.
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4.5.2 Emission reduction
Emission reduction in agriculture is a key strategy for climate change mitigation. It
focuses on lowering GHG emissions from sources such as machinery fuel consumption,
fertilizer application, livestock enteric fermentation and manure management, and soil
disturbance. AI plays a pivotal role in emission reduction by optimizing machinery
schedules and integrating robotics. For machinery schedules, AI models minimize fuel
consumption and idle times by analyzing data on soil conditions, weather, and crop
status. For example, a multi-objective GA by (Y. Guo, Zhang, Chang, Li, & Li, 2024)
outperformed other methods by reducing machinery transfer distances by 17.18% and
non-operational waiting time by 19.36% through time window prioritization and tabu
search strategies. Moreover, robotics have been increasingly integrated into agriculture
for labor-intensive tasks, such as fruit counting (Z. Zhang et al., 2020), harvesting
(Miao et al., 2023; Zahedi, Shafei, & Shamsi, 2023), and quality inspection (Camci,
Kripalani, Ma, Kayacan, & Khanesar, 2018), to optimize operations to cut fossil fuel
use and GHG emissions.

4.5.3 Precision farming
In the context of climate change mitigation, precision farming reduces GHG emissions
through efficient resource use, decreasing fertilizer runoff to prevent soil degradation
and water pollution, conserving water to combat drought, and promoting carbon
sequestration via improved soil health practices. For instance, the World Economic
Forum (NUTRITION, 2018) estimates that, if 15-25% of farms adopted precision
agriculture, global yield could be increased by 10-15% by 2030, while GHG emissions
and water use could be reduced by 10% and 20%, respectively. AI allows farmers to
make informed decisions about planting, managing, and harvesting, including local-
ized fertilization and irrigation through real-time data analysis from satellites, drones,
and environmental sensors. For example, Sami et al. (2022) showed that DL-based
automated irrigation potentially cut water use by up to 43%. Chandel et al. (2025)
proposed a high precision DL-based Variable Rate Application for real-time nitrogen
stress detection in wheat and demonstrated that fertilizer use was reduced by 37.53%
compared to traditional methods, with no significant yield loss. Modern DL frame-
works, such as CNNs and transformers, have achieved state-of-the-art performance in
predictive analytics tasks, including pest detection (Dang, Danish, et al., 2024; Y. Li,
Wang, Dang, Sadeghi-Niaraki, & Moon, 2020; H. Wang, Li, Dang, & Moon, 2022)
and disease detection (H. Wang, Nguyen, Nguyen, & Dang, 2024), by effectively pro-
cessing high-resolution imagery along with historical and real-time sensor data. For
example, the PD-TR transformer model (H. Wang, Nguyen, et al., 2024) achieved an
mAP of 56.3 on a large-scale plant disease dataset with 12 classes, enhanced by Batch-
FormerV2 and CIoU loss for better feature learning. These predictions shift farmers
from reactive to proactive measures. Moreover, the integration of DL with environ-
mental variables has shown significant promise in constraining uncertainty in crop
yield projections under climate change. For instance, L. Li et al. (2023) proved that
CNNs can achieve high accuracy in these predictions, with an MAP of 98.6% for crop
yield projections.
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4.5.4 Discussion
Across the reviewed agricultural studies in Table 8, CNNs and transformer-based mod-
els dominate precision farming classification tasks. Notably, the PD-TR transformer
achieves a mean Average Precision (mAP) of 56.3 for multi-class plant disease detec-
tion across 12 classes under natural field conditions (H. Wang, Nguyen, et al., 2024),
while CNN-based crop yield projection models report accuracies reaching 98.6% (L. Li
et al., 2023). For irrigation scheduling, LSTM and hybrid IoT-LSTM systems demon-
strate superior performance, with reported water use reductions of up to 43% (Sami et
al., 2022) and fertilizer use reductions of 37.53% without significant yield loss (Chan-
del et al., 2025). However, these results are highly site-specific and rarely validated
beyond single growing seasons or specific crop types. In the area of crop breeding
acceleration, AI tools integrating genomic selection and high-throughput phenotyping
have consistently shortened development timelines (Rai, 2022).

However, deployment remains limited to well-funded research institutions with
access to advanced genomic sequencing infrastructure. This creates a significant equity
gap that risks restricting benefits to smallholder farmers in climate-vulnerable regions
(Tzachor, Devare, King, Avin, & Ó hÉigeartaigh, 2022). Moreover, the integration
of local and indigenous agricultural knowledge into AI systems remains an open
research challenge. Standard supervised ML pipelines cannot capture place-specific
understandings of soil-crop-climate interactions, pest cycles, and varietal adaptation
unless such knowledge is digitized and labeled (Ahire, Hanchate, & Varadarajan,
2024). This process is not only technically demanding but also raises unresolved ques-
tions regarding data ownership and community consent, which are largely absent from
the reviewed literature. Future agricultural AI research must treat community-based
adaptation as a fundamental design constraint, prioritizing interpretable models whose
reasoning can be interrogated and validated by farmers without data science expertise
over opaque black-box systems.

4.6 Ecosystem conservation
Ecosystem conservation is primarily an adaptation-oriented and resilience-supporting
domain, which focuses on utilizing nature-based solutions to protect, sustainably man-
age, and restore ecosystems. While ecosystem conservation directly sequesters carbon,
it also contributes to mitigation, and these dual-function applications are explicitly
identified in this section.

Activities such as forest conservation and reforestation, wetland restoration, and
ocean protection, where healthy ecosystems like forests absorb billions of metric tons of
CO2 annually, acting as vital carbon sinks. According to the United Nations (Nations,
2025b), forests cover about 31% of the world’s land surface, but deforestation has
reduced this by 100 million hectares since 2000, primarily due to agricultural expan-
sion, with rates slowing from 12 million hectares per year (20102015) to 10 million
(20152020). Similarly, land degradation has risen to 15.5% globally, affecting 3.2 bil-
lion people, while biodiversity loss threatens around 1 million species, including 38%
of assessed tree species. Positive developments include the Kunming-Montreal Global

41



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

T
ab

le
8

Su
m

m
ar

y
of

th
re

e
ta

sk
ar

ea
s

fo
r

A
Ii

n
ag

ri
cu

ltu
re

,i
nc

lu
di

ng
(i)

em
is

si
on

re
du

ct
io

n;
(ii

)
cr

op
br

ee
di

ng
;a

nd
(ii

i)
pr

ec
is

io
n

fa
rm

in
g.

C
ol

um
n

2
re

po
rt

s
th

e
be

st
qu

an
tit

at
iv

e
m

et
ri

c
an

d
cr

os
s-

st
ud

y
co

m
pa

ri
so

n.
A

bb
re

vi
at

io
ns

:C
N

N
=

co
nv

ol
ut

io
na

ln
eu

ra
ln

et
w

or
k;

R
N

N
=

re
cu

rr
en

t
ne

ur
al

ne
tw

or
k;

LS
T

M
=

lo
ng

sh
or

t-
te

rm
m

em
or

y;
R

L
=

re
in

fo
rc

em
en

t
le

ar
ni

ng
;I

oT
=

In
te

rn
et

of
T

hi
ng

s;
N

D
V

I=
no

rm
al

iz
ed

di
ffe

re
nc

e
ve

ge
ta

tio
n

in
de

x.

Ta
sk

s
K

ey
m

et
ric

&
cr

os
s-

st
ud

y
fin

di
ng

R
ep

re
se

nt
at

iv
e

m
et

ho
ds

R
ep

re
se

nt
at

iv
e

da
ta

Em
iss

io
n

re
du

ct
io

n

M
ac

hi
ne

ry
tr

an
sf

er
di

st
an

ce
s

re
du

ce
d

by
17

.1
8%

;
no

n-
op

er
at

io
na

l
w

ai
tin

g
tim

e
re

du
ce

d
by

19
.3

6%
(Y

.
G

uo
et

al
. ,

20
24

).
Si

m
ila

ri
ty

:M
ul

ti-
ob

je
ct

iv
e

G
A

ou
tp

er
fo

rm
s

sin
gl

e-
ob

je
ct

iv
e

sc
he

du
lin

g
ac

ro
ss

re
vi

ew
ed

m
ac

hi
ne

ry
op

tim
iz

at
io

n
st

ud
ie

s.
D

iff
er

en
ce

:
R

ob
ot

ic
ha

rv
es

tin
g

re
du

ce
s

fu
el

us
e

bu
t

ha
rd

w
ar

e
co

st
lim

its
de

pl
oy

m
en

t
in

lo
w

-in
co

m
e

co
nt

ex
ts

;r
es

ul
ts

fr
om

sin
gl

e-
re

gi
on

fie
ld

tr
i-

al
s.

C
N

N
s

( M
ia

o
et

al
.,

20
23

;Z
.Z

ha
ng

et
al

.,
20

20
);

H
yb

rid
(C

am
ci

et
al

.,
20

18
;Z

ah
ed

i
et

al
.,

20
23

);
Ev

ol
ut

io
na

ry
(Y

.G
uo

et
al

.,
20

24
)

Io
T

se
ns

or
da

ta
;

O
pe

ra
-

tio
na

l
da

ta
;

V
isi

on
se

ns
or

s

C
ro

p
br

ee
di

ng

95
–1

00
%

ge
rm

in
at

io
n

in
ric

e;
8g

en
er

at
io

ns
/y

ea
r

in
w

he
at

/b
ar

le
y

( R
ai

,
20

22
).

Si
m

ila
ri

ty
:

A
I-

ac
ce

le
ra

te
d

sp
ee

d
br

ee
di

ng
co

ns
ist

en
tly

sh
or

te
ns

de
ve

lo
pm

en
t

tim
e-

lin
es

co
m

pa
re

d
to

co
nv

en
tio

na
l

ph
en

ot
yp

in
g.

D
iff

er
-

en
ce

:
D

ep
lo

ym
en

t
lim

ite
d

to
in

st
itu

tio
ns

w
ith

ge
no

m
ic

se
qu

en
ci

ng
in

fr
as

tr
uc

tu
re

;
no

re
vi

ew
ed

st
ud

y
ad

dr
es

se
s

tr
an

sf
er

of
ge

no
m

ic
m

od
el

s
ac

ro
ss

cr
op

sp
ec

ie
s.

C
N

N
s

(M
ar

sh
al

l
et

al
.,

20
22

;
N

ev
av

uo
ri,

N
ar

ra
,

&
Li

pp
in

g ,
20

19
;

L.
Q

.
N

gu
ye

n
et

al
.,

20
23

);
R

N
N

/L
ST

M
(P

au
de

l
et

al
.,

20
23

;S
ho

ok
et

al
.,

20
21

);
H

yb
rid

(G
av

ah
i,

A
bb

as
za

de
h,

&
M

or
ad

kh
an

i,
20

21
;K

ha
ki

,
W

an
g,

&
A

rc
ho

nt
ou

lis
,2

02
0)

W
el

l
lo

gs
;

Se
ism

ic
su

rv
ey

s;
Po

ro
sit

y/
pe

r-
m

ea
bi

lit
y

di
st

rib
ut

io
n

m
ap

s

Pr
ec

isi
on

fa
rm

in
g

Fe
rt

ili
ze

r
us

e
re

du
ce

d
by

37
.5

3%
(n

o
yi

el
d

lo
ss

)
(C

ha
n-

de
l

et
al

.,
20

25
);

w
at

er
us

e
re

du
ce

d
by

43
%

(S
am

i
et

al
.,

20
22

);
cr

op
yi

el
d

m
A

P
98

.6
%

(L
.

Li
et

al
.,

20
23

);
di

se
as

e
de

te
ct

io
n

m
A

P
56

.3
(H

.
W

an
g,

N
gu

ye
n,

et
al

.,
20

24
).

Si
m

ila
ri

ty
:

C
N

N
/T

ra
ns

fo
rm

er
ou

tp
er

fo
rm

s
SV

M
an

d
R

F
fo

ri
m

ag
er

y;
LS

T
M

ou
tp

er
fo

rm
s

st
at

ist
ic

al
ba

se
-

lin
es

fo
r

irr
ig

at
io

n.
D

iff
er

en
ce

:S
ite

-s
pe

ci
fic

re
su

lts
ra

re
ly

va
lid

at
ed

on
di

ffe
re

nt
gr

ow
in

g
se

as
on

s
or

cr
op

ty
pe

s;
sm

ar
tp

ho
ne

-b
as

ed
to

ol
s

(N
ur

u)
en

ab
le

de
pl

oy
m

en
tw

ith
-

ou
t

cl
ou

d
co

nn
ec

tiv
ity

( M
ris

ho
et

al
.,

20
20

).

R
N

N
/L

ST
M

(K
as

hy
ap

et
al

.,
20

21
;

Sa
m

i
et

al
.,

20
22

);
R

L
(A

lib
ab

ae
i,

G
as

pa
r,

A
ss

un
çã

o,
A

lir
ez

az
ad

eh
,

&
Li

m
a,

20
22

);
C

N
N

s
( C

ha
nd

el
et

al
.,

20
25

;Y
.L

ie
t

al
.,

20
20

;
H

.
Li

u
et

al
.,

20
23

;
D

.
Su

,
K

on
g,

Q
ia

o,
&

Su
kk

ar
ie

h,
20

21
;H

.W
an

g
et

al
.,

20
22

);
Tr

an
sf

or
m

er
s

(D
an

g,
D

an
ish

,e
t

al
.,

20
24

;
H

.
W

an
g,

N
gu

ye
n,

et
al

.,
20

24
);

H
yb

rid
(A

ki
la

n
&

B
aa

la
m

ur
ug

an
,2

02
4)

Io
T

se
n-

so
r

da
ta

;
M

O
D

IS
/S

en
-

tin
el

N
D

V
I;

Pl
an

tV
ill

ag
e,

Pl
an

tD
oc

(S
in

gh
et

al
.,

20
20

)

42



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

Biodiversity Framework (GBF, 2022), which sets 23 targets for 2030 to restore ecosys-
tems and halt biodiversity decline, with increasing proportions of forests in protected
areas and under long-term management plans. By prioritizing ecosystem health, this
sector not only mitigates emissions but also builds resilience against climate impacts.

AI is transforming ecosystem conservation by providing tools to monitor, analyze,
and manage natural systems with unprecedented efficiency. AI-based technologies like
satellite imagery analysis allow real-time tracking of deforestation, species distribution
shifts, and habitat degradation. For example, AI is applied in predictive modeling for
conservation by forecasting species habitat ranges and climate-driven shifts, optimize
the placement of new protected areas, and even detect illegal logging or poaching from
satellite or sensor data.

Figure 10 illustrates four representative AI approaches aligned with the key appli-
cations in ecosystem conservation. In figure 10(a), R. Liu, Zayed, Xiao, and Hu (2025)
target the largely unexplored use of sequential time-series models for acoustic leak
detection in water distribution networks. The authors introduce a Time-Transformer
that utilizes self-attention to capture those dependencies, tunes the model through
parametric experiments, and demonstrates superior leak detection performance in
Hong Kong field trials compared with 1D-CNN and CNNLSTM baselines. Figure 10(b)
presents a large-scale urban land use simulation using a UNet architecture (J. Wang
et al., 2022), which was trained on historical development for the North China Plain,
validated against a 2018 reference map, and applied to forecast 2030 expansion.
Visual inspection shows the model automatically learned neighborhood effects, gravity
from large cities, and linear growth tendencies. In Figure 10(c), Simões, Bouveyron,
and Precioso (2023) describe a practical three-step DL pipeline for turning camera
trap videos into images, automatically annotating them with MegaDetector, extend-
ing MegaDetector via a Faster R-CNN (Inception-ResNet-v2) to detect and classify
13 classes of wildlife species. Evaluation on a French national park test set shows
strong detection performance (mAP 96.88% at IoU=0.5 and 89.24% at IoU=0.75) but
weaker classification (mAP 73.92%), with common classes like humans and rare classes
like dogs. Finally, Figure 10(d) summarizes (Saha et al., 2020)s approach that cou-
ples Landsat-derived forest canopy density (FCD) maps, computed from indices like
Advanced vegetation index (AVI), bare soil index (BSI), shadow index (SI), and scaled
vegetation density (VD) with twelve socio-environmental drivers to model deforesta-
tion probability using binary logistic regression, RF and an ensemble of rotational
forest and reduced error pruning trees approach.

4.6.1 Land use planning
Land use planning is the systematic process of allocating, regulating, and managing
land resources to achieve sustainable social, economic, and environmental objectives.
For example, L. Zhu, Song, Sun, Li, and Hu (2022) documented a cumulative loss of
0.39 petagrams of ecosystem carbon storage in Chinas coastal zones attributable to
suboptimal land use policies. Effective planning reduces land competition, supports
biodiversity, and aligns with global goals like net-zero emissions by 2050, where sus-
tainable land use is essential to curb agricultural expansion and forest loss in the
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(d) Deforestation probability map prediction

(b) Large-scale urban land-use patterns simulation(a) Acoustic leak detection in water network

(c) DL-based wildlife identification and 

estimation on camera trap CCTVs 

Fig. 10 Representative AI approaches for each key task in ecosystem conservation. (a) Water
resource management (R. Liu et al., 2025); (b) Land use planning (J. Wang et al., 2022); (c) Environ-
mental protection and wildlife conservation (Simões et al., 2023); and (d) Forest management (Saha
et al., 2020).

tropics. AI enhances land use planning by processing vast datasets for predictive mod-
eling, optimization, and monitoring, enabling more precise mitigation strategies. DL
models have been used to classify land cover from satellite imagery (Fayaz, Dang,
& Moon, 2024; Fayaz et al., 2025; Wambugu et al., 2021), while more advanced
frameworks can predict non-linear land use change trajectories that exceed the capa-
bilities of simple linear models (J. Wang et al., 2022). Urban growth and land change
modeling further support climate mitigation by forecasting expansion patterns and
identifying development scenarios that minimize ecological disruption. For example,
(Masoumi, Coello Coello, & Mansourian, 2020) combined multi-objective optimiza-
tion and clustering analysis to resolve competing criteria in urban land use decisions.
These approaches enable policymakers to prioritize areas at high risk of deforestation
or wetland loss during planning. In practice this means integrating spatial analy-
sis, governance instruments and cross sector coordination to steer development away
from high-carbon ecosystems while optimizing land for low-emission uses such as
agroforestry or renewable energy installations.

4.6.2 Forest management
In the context of climate resilience, forest management focuses on enhancing forests
as carbon sinks by increasing carbon sequestration in biomass, soils, and products,
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reducing emissions from degradation, and building resilience to climate impacts like
wildfires, pests, and droughts. Recent advances in AI are transforming these practices
by enabling data-driven decision making, real-time monitoring, and predictive ana-
lytics that optimize mitigation strategies. By integrating satellite imagery, UAV and
ground sensor networks, and process models, AI improves carbon accounting, antici-
patory risk management, and the design of smart forestry interventions (Shivaprakash
et al., 2022). For example, Saha et al. (2020) used Landsat-derived vegetation and
soil indices to map deforestation risk in India and reported that roughly 30% of the
studied forest area had high or very high deforestation probability. Similarly, Mar-
ques, Carreira, Miragaia, Ramos, and Pereira (2024) developed an end-to-end system
that combines UAV data capture with web-based visualization to enable autonomous,
continuous forest monitoring.

4.6.3 Water resource management (WRM)
WRM contributes to ecosystem conservation by protecting and restoring freshwater
habitats that are vital for climate mitigation and adaptation (Abdulameer et al.,
2025). Healthy rivers, wetlands, and aquifers sequester carbon, regulate regional water
cycles, buffer against extreme weather, and sustain biodiversity and food production.
Under accelerating climate change, these systems face compounding pressures: altered
precipitation regimes are intensifying flood peaks and prolonging droughts simul-
taneously, accelerating sediment redistribution, depleting groundwater reserves, and
pushing river hydraulics into regimes that fall outside the historical envelopes on which
conventional water management models were calibrated. Efficient WRM (Manzocco
et al., 2015) therefore requires AI tools that can operate reliably under non-stationary
conditions and across the full cascade from rainfall to runoff to groundwater to distri-
bution (Abdulameer et al., 2025, n.d.). The reviewed literature is organized here into
four application tracks that together span this cascade: urban water infrastructure,
river hydraulics and flood-drought forecasting, groundwater and water quality, and
integrated basin-scale management.

WRM research is strategically divided into two distinct tracks to reflect their
fundamentally different operational scales: (1) Urban water infrastructure, focusing
on demand forecasting (Salloom, Kaynak, & He, 2021), leak detection (R. Liu et
al., 2025), and sewer inspection; and (2) Basin-scale hydrological modeling, address-
ing flood-drought forecasting (Frame et al., 2022), groundwater dynamics, and
climate-driven flow regime shifts. These domains require distinct model architectures,
validation protocols, and stakeholder interfaces.
• Urban water infrastructure represents the most mature application track. For exam-

ple, Salloom et al. (2021) combined Gated Recurrent Unit (GRU) networks with
K-means clustering to predict short-term water demand with improved supply con-
trol accuracy, while R. Liu et al. (2025) used self-attention mechanisms to analyze
acoustic signals for precise leak detection in distribution networks. By integrating
predictive analytics, sensor-driven monitoring and automated control, these inno-
vations help address climate-exacerbated water sources scarcity and increase the
resilience of coupled socio-ecological systems. Sewer inspection has been addressed
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through transformer-based defect detection frameworks achieving high detection
accuracy on benchmark dataset (Dang, Wang, et al., 2023). These urban infras-
tructure tools address immediate operational losses, with optimized distribution
practices yielding potential water savings of up to 30% (Manzocco et al., 2015), and
are increasingly deployable in real-time through IoT sensor integration.

• Basin-scale hydrology management requires AI tools capable of simultaneously
optimizing multiple objectives across spatially distributed and temporally cou-
pled components. The CAMELS-DK dataset (J. Liu et al., 2024) exemplifies the
large-sample, multi-catchment infrastructure necessary to train and validate such
basin-scale models. RL is particularly well-suited for multi-objective reservoir oper-
ation under uncertainty, because unlike static operating rules calibrated to historical
hydrology, RL can learn adaptive release policies that respond dynamically to real-
time inflow forecasts and downstream demand signals. However, RL-based reservoir
control remains largely at the proof-of-concept stage in the reviewed literature, with
no studies reporting operational deployment under real-world climate uncertainty
conditions. Foundational context for this emerging frontier is provided by recent
global syntheses on climate change impacts on river hydraulics (Abdulameer et al.,
2025) and comprehensive reviews of AI applications for dams and water resources
(Abdulameer et al., n.d.).
River hydraulics and compound flood-drought forecasting represent the most
rapidly expanding frontiers, driven by the recognition that single-hazard mod-
els are insufficient for the compound extremes generated by climate change. For
instance, the Extreme Flood Forecasting system (Nearing et al., 2024), which
applies LSTM networks to global streamflow data trained on CAMELS time series,
provides 5-day forecasts with reliability comparable to 0-day GloFAS nowcasts.
Similarly, Frame et al. (2022) demonstrated that DL rainfall-runoff models outper-
form calibrated process-based models during extreme flood events. Furthermore,
hydroclimatic transformer architectures, such as the DCNN-Transformer network
proposed by (Yang, Zhang, Liu, & Jing, 2023) at the Shanjiaodi station, successfully
capture long-range teleconnections between large-scale climate drivers and basin-
scale discharge relationships that traditional LSTM models often fail to represent.
Despite these advances, significant gaps remain. While AI is increasingly applied
to drought analysis, the compound co-occurrence of floods and droughts within
the same basin across consecutive seasons remains almost entirely unaddressed.
Similarly, river hydraulics modeling, including channel morphology changes, sedi-
ment transport, and bank erosion under altered flow regimes, has received limited
AI attention despite its critical relevance to infrastructure safety, aquatic habi-
tat preservation, and the Reservoir sedimentation that determine the long-term
viability of hydropower and water storage capacity (Ho & Goethals, 2022).
Groundwater supplies approximately 50% of global drinking water and 40% of irri-
gation needs (Siebert et al., 2010). Recent studies, such as (Banerjee, Ganguly, &
Kushwaha, 2024), have trained and compared various AI models, from simple Lin-
ear Regression to advanced DL architectures, for forecasting groundwater recharge.
Their experiments identified XGBoost as the most effective predictor, with precipi-
tation as the dominant driver followed by the aridity index, while soil type and slope
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exhibited the strongest inverse correlations. AI has also been increasingly applied
to water quality monitoring. ConvLSTM models have been utilized to analyze spa-
tiotemporal pollution dynamics in rapidly urbanizing areas (L. Zhu et al., 2023),
and AI-based frameworks have enhanced the real-time detection of contamination
events in distribution networks. However, coupling climate-driven changes in tem-
perature and precipitation to downstream water quality outcomes remains a largely
open research problem in the current AI literature.

A major research direction in WRM is the integration of AI with real-time sen-
sor networks to enable adaptive water operations under climate uncertainty, with a
particular focus on dam and reservoir management. Dams represent critical, increas-
ingly stressed nodes in both water supply and flood control systems. Under climate
change, the statistical assumptions embedded in their original design, such as histori-
cal inflow distributions, flood frequency curves, and seasonal storage cycles, are being
systematically violated (Abdulameer et al., 2025). AI-driven adaptive control systems,
which combine probabilistic inflow forecasting from upstream IoT sensor networks
with RL-based release optimization, could empower reservoir operators to navigate
flood protection, hydropower generation, ecological minimum flows, and downstream
water supply in real time.

4.6.4 Environmental protection and wildlife conservation
Environmental protection and wildlife conservation are central to ecosystem conser-
vation because they preserve and restore habitats, such as forests, wetlands, and
coastal zones, that concentrate biodiversity and provide critical ecosystem services.
Intact habitats increase ecosystem resilience, act as long-term carbon sinks, and sup-
port climate adaptation by buffering extreme events and stabilizing local climates.
For example, Schmitz et al. (2023) estimate that wildlife-focused conservation could
enable sequestration of 6.41 billion tons of CO2 annually, which is about 95% of the
Paris Agreements 1.5 °C target. AI is rapidly transforming conservation practice by
providing scalable, data-driven tools for monitoring, threat detection, and manage-
ment. Examples include IoT sensors and ML models that detect human intrusion via
changes in sentinel herbivore behavior (de Knegt, Eikelboom, van Langevelde, Spruyt,
& Prins, 2021); automated species identification systems such as TRex (Walter &
Couzin, 2021), BirdNET (Kahl, Wood, Eibl, & Klinck, 2021), and DeepWILD (Simões
et al., 2023) that permit continuous biodiversity monitoring; and Transformer-based
drone frameworks for detecting marine debris in real-time, which achieved 81.5% mAP
performance for multiple debris classes in complex coastal environments (Dang, Sagar,
Bui, Nguyen, & Nguyen, 2025). These AI approaches reduce monitoring costs, enable
faster responses to threats, and help protect the functional integrity of ecosystems
under climate stress.

4.6.5 Discussion
Table 9 outlines four key AI applications in conservation: land use planning, for-
est management, water resource management (urban water systems and basin-scale
hydrological modeling), and environmental protection and wildlife conservation. CNNs
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and Transformer-based architectures demonstrate strong detection performance. For
instance, the DeepWILD pipeline achieves a mAP of 96.88% at an Intersection over
Union (IoU) threshold of 0.5 for wildlife detection (Simões et al., 2023), while a
transformer-based drone framework attains 81.5% mAP for marine debris classifi-
cation in complex coastal environments (Dang et al., 2025). However, classification
accuracy degrades substantially for rare classes. For example, wildlife classification
mAP drops to 73.92% for rare species (Simões et al., 2023). For deforestation risk pre-
diction utilizing structured socio-environmental covariates, ensemble tree approaches
that combine binary logistic regression, RF, and Rotational Forest methods exhibit
robust performance (Saha et al., 2020). This suggests that model selection in this
domain should be driven by data modality rather than architectural novelty. In con-
trast, water resource management remains the least developed sub-domain in terms
of AI sophistication. Previous studies focus mainly on urban leak detection and short-
term demand forecasting, leaving basin-scale hydrological modeling, groundwater
recharge prediction, and climate-driven flow regime shifts largely unaddressed.

A critical challenge across all ecosystem tasks is scale mismatch. Satellite and
UAV models often operate at spatial resolutions and temporal frequencies that are
misaligned with the ecological processes they aim to monitor (Feng, Wen, Li, Wu, &
Yan, 2025). In addition, few studies explicitly validate whether detected changes in
land cover or species distribution translate into measurable outcomes such as carbon
sequestration or biodiversity recovery. Beyond prediction accuracy, the next gener-
ation of climate AI must evaluate success through meaningful ecological indicators
(Islam, 2025), such as carbon sequestration rates and habitat restoration, to ensure
that algorithmic performance translates into measurable conservation impact.

In data-scarce regions, where sensor networks, labeled datasets, and computa-
tional infrastructure are limited, lightweight approaches like transfer learning, few-shot
learning, and physics-informed models show strong promise for reducing dependence
on large historical training datasets (H.-M. Wang, Peng, & He, 2024). However,
their operational deployment at scale in climate AI remains underutilized, warrant-
ing greater priority in future research. Moreover, as climate change simultaneously
increases agricultural irrigation demand and reduces dry-season river flows, there is
an urgent need for multi-objective optimization frameworks. Such frameworks could
integrate hydrological, agronomic, legal, and community-preference data to help water
managers navigate trade-offs between agricultural productivity, ecological minimum
flow requirements, and downstream community needs more equitably (L. Deng, Guo,
Yin, Zeng, & Chen, 2022; Nile, Al-Saadi, Abdulameer, Al Maimuri, & Al-Dujaili,
2025).

4.7 Weather and disaster forecasting
Weather and disaster forecasting is classified in this review as a resilience-supporting
and adaptation-oriented domain. Its primary contribution is reducing the human and
economic costs of climate-driven hazards through improved prediction and early warn-
ing, rather than directly reducing emissions. Its inclusion in this survey reflects the
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IPCC AR6 finding that adaptation capacity, particularly anticipatory risk manage-
ment, is inseparable from effective mitigation strategy at the systems level (Calvin et
al., 2023).

Global predictions from the World Meteorological Organization (WMO) (Orga-
nization, 2025) indicate that the period 2025–2029 will likely remain at or near
record-high temperatures, with an 86% probability of at least one year exceeding
1.5 °C above pre-industrial levels and a 70% probability that the five-year average
will surpass this threshold. The Germanwatch Climate Risk Index (CRI) 2025 (Adil,
Eckstein, Künzel, & Schäfer, 2025) reinforces these trends, reporting more than 9,400
extreme weather events between 1993 and 2022 that caused over 765,000 deaths and
USD 4.2 trillion in losses, and heatwaves in 2022 alone accounted for the majority of
fatalities.

High quality weather forecasts and early warning systems play a critical role in
climate change adaptation and resilience by supplying the risk-informed data decision
makers need to act preemptively (L. Chen, Han, et al., 2023). Timely, accurate fore-
casts enable authorities to evacuate vulnerable populations, adjust reservoir releases,
and prioritize resource allocation. These timely actions significantly reduce human
and economic losses and can also lower emissions associate with disaster response
and recovery. In recent years, meteorological forecasting has advanced dramatically
thanks to high performance computing, dense satellite and RS networks, and novel
data stream.

AI is transforming weather and disaster forecasting by dramatically improving the
speed, accuracy, and granularity of predictions. AI models, particularly DL models
trained on decades of historical observations, satellite data, and model output, can
accelerate aspects of forecasting workflows, enabling more rapid generation of forecasts
and faster dissemination of warnings. For example, WMO supported systems (WMO,
2025c) and national forecasting agencies (T. Nguyen, Brandstetter, Kapoor, Gupta,
& Grover, 2023) increasingly integrate AI to improve lead times and reduce false
alarms, which strengthens community resilience and enabling more effective disaster
mitigation.

Figure 11 display representative AI approaches for key tasks in weather and dis-
aster forecasting. In Figure 11(a), Lam et al. (2023) introduce GraphCast, an ML
weather model trained directly on global reanalysis that predicts hundreds of atmo-
spheric variables at 0.25ř resolution out to 10 days and can produce a global forecast in
under one minute. During evaluations, it significantly outperformed the most accurate
operational deterministic systems on 90% of 1,380 verification targets and improved
forecasts of severe events such as tropical cyclones, atmospheric rivers, and extreme
temperature episodes. Figure 11(b) presents a DL-based flash flood susceptibility
mapping workflow by (Bui et al., 2020) for a high frequency tropical storm region of
northwest Vietnam. The pipeline achieved high accuracy of 92.05% on a Geographic
Information System (GIS)-derived dataset (elevation, slope, curvature, aspect, stream
density, NDVI, soil type, lithology, and rainfall) with feature selection via information
gain ratio. Finally, in Figure 11(c), Yang et al. (2023) combine deep convolutional
modules for local feature extraction with a Transformer to capture long-range hydro-
climatic dependencies. The model obtained a substantial improvement of roughly
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31% over conventional approaches when applied to historical forecasting at the Shan-
jiaodi hydrology station (Dagu River Basin). These representative examples show how
diverse AI architectures, graph models, CNNs, and Transformer hybrids, are accel-
erating both the speed and accuracy of forecasts for weather and extreme weather
events.

(a) GraphCast global weather forecasting

(b) Flash-flood susceptibility prediction

(c) Monthly-scale hydro-

climatic forecasting and climate 

change impact evaluation 

Fig. 11 Representative AI approaches for each key task in weather and disaster forecasting. (a)
Nowcasting (Lam et al., 2023); (b) Extreme weather prediction (Bui et al., 2020); and (c) Long-term
climate modelling (Yang et al., 2023).

4.7.1 Nowcasting
Nowcasting is a specialized subset of weather forecasting that focuses on very short-
term predictions, typically ranging from the present moment up to six hours ahead.
It emphasizes a detailed description of the current atmospheric conditions and uses
extrapolation techniques to forecast immediate changes (Shi et al., 2017). Unlike
medium-range or long-range forecasting, nowcasting operates on an intermediate level,
relying heavily on real-time observational data such as radar imagery, satellite observa-
tions, surface weather stations, and lightning detection systems to predict phenomena
like precipitation, thunderstorms, fog, or wind shifts. For example, Hewage, Trovati,
Pereira, and Behera (2021) introduced a lightweight, data-driven short-term forecast-
ing architecture that combined Long Short-Term Memory (LSTM) networks with

51



Journal Pre-proof

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
Jo
ur

na
l P

re
-p

ro
of

temporal CNNs. They benchmarked this DL approach against classical ML methods,
conventional statistical techniques, a dynamic ensemble method, and the commonly
used physical Weather Research and Forecasting (WRF) model. Their experiments,
which covered both multi-input multi-output and multi-input single-output regression
setups, showed that the proposed DL model outperformed the more complex WRF
system for forecasts up to 12 hours ahead. Ponnoprat (2021) addressed nonlinear and
seasonal patterns in daily precipitation by designing a seasonally integrated autoen-
coder that stacked two LSTM autoencoders: one to capture short-term dynamics and
another to extract seasonal structure. Their results indicated the autoencoder-based
model outperformed several baseline time-series and DL models with a substantial
improved in forecastobservation correlation from about a 4% increase at a one-day
horizon to roughly 37% at a three-day horizon. Nowcasting also directly supports
renewable energy integration by providing high resolution, short-term forecasts of
solar irradiance and wind. For instance, J. Zhao et al. (2021) developed a data-driven
short-term wind speed system using ensemble weather research and forecasting (WRF)
outputs, Gaussian-mixture clustering, and a multi objective evolutionary algorithm to
optimize model structure and member weighting for each distinct pattern. According
to their evaluation, this approach reduced average RMSE by about 30.21% and cut
the RMSE standard deviation by about 50.36% relative to a simple ensemble mean,
demonstrating clear gains in both accuracy and reliability for operational short-term
wind forecasting.

4.7.2 Long-term climate modelling
Long-term climate modelling extends beyond short-term predictions (hours to days)
by focusing on averaged patterns and trends, such as temperature shifts, precipita-
tion changes, and sea-level rise, rather than specific daily events (Alizadeh, 2022).
Long-term climate modelling is indispensable for climate resilience, as it provides prob-
abilistic projections of future scenarios under different emission pathways. AI and ML
are transforming long-term climate modelling by accelerating simulations, improving
accuracy, and handling vast datasets, addressing traditional models’ computational
intensity and resolution limitations. For example, Pan et al. (2022) introduced Con-
ditional Generative Forecasting, a probabilistic DL framework that utilized large
ensembles of climate simulations to learn differences between general circulation
model (GCM) formulations and to represent internal climate variability for dynamical
seasonal forecasting. The experimental results showed that the model generated con-
ditional ensembles of seasonal outcomes that matched the performance of traditional
dynamical forecasts for global precipitation and 2 m air temperature predictions. Sta-
tistical downscaling techniques, such as bias correction and quantile perturbation,
remain essential for translating coarse GCM outputs into actionable regional infor-
mation. These methods improve the accuracy of local projections and therefore are
critical for vulnerability assessments and the design of adaptation and resilience mea-
sures. Building on this idea, F. Wang and Tian (2022) evaluated a Super Resolution
Deep Residual Network for multivariate bias correction and spatial downscaling of
Climate Model Intercomparison Project 6 (CMIP6) daily temperature fields. Their
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approach sequentially stacked 20 GCMs to learn relative biases with respect to obser-
vations while explicitly preserving spatial structure and inter-variable dependencies.
The experimental results showed the univariate configuration substantially reduced
mean temperature bias relative to quantile delta mapping, and the multivariate
model outperformed a dynamic Optimal Transport Correction by better correcting
Tmax/Tmin biases and avoiding unrealistic spatial artifacts.

4.7.3 Extreme weather prediction
Extreme weather prediction involves forecasting rare, high impact atmospheric events
that deviate significantly from typical conditions at a specific location and time,
often characterized by unusual magnitude, duration, or extent. These events include
heatwaves, cold snaps, heavy precipitation leading to floods, severe thunderstorms,
hurricanes, tornadoes, droughts, blizzards, and ice storms, which can cause substantial
damage to life, property, and ecosystems. Prediction relies on advanced observational
data from radars, satellites, and ground stations, combined with numerical models that
simulate atmospheric dynamics, thermodynamics, and probabilistic scenarios to antic-
ipate event onset, intensity, and evolution. However, accurately predicting extreme
weather remains difficult because extreme events are both rare and highly nonlinear,
and their dynamics can change under a warming climate. Because of these challenges,
recent research emphasizes hybrid approaches that combine AI with high resolution
dynamical models and large ensembles to better capture both small-scale processes
and model uncertainty. For example, Gan, Fu, Zhao, Chan, and He (2024) compared
four mainstream DL approaches for short-term tropical cyclone track and inten-
sity forecasting and examined how performance depends on input sequence length,
sampling interval and lead time. The experimental results indicated that Temporal
Convolutional Networks (TCNs) offered the best mix of accuracy, computational effi-
ciency, and stability when using short input windows. For flood risk mapping, hybrid
geospatial approaches are already operationally useful. Panahi et al. (2021) trained
a hybrid CNNRNN system using a geospatial database of historical flash floods and
stepwise weight assessment ratio analysis feature weights. The generated map identi-
fied roughly 40% of the area as highly susceptible to flash floods, which could be used
as a reference to guide land use planning, mitigation strategies, and the deployment
of early warning systems. Work at the interface of visualization and forecasting also
helps experts extract signals from complex ensemble outputs. X-Weather (de Souza
et al., 2022) is an interactive visual analytics system that provides statistics- and
probability-based visualizations for rapid inspection and comparison of ensemble sim-
ulations. In two case studies of the devastating mountain region storms that struck Rio
de Janeiro (2011 and 2020), X-Weather reduced the manual, error-prone effort nor-
mally required to interpret large physical ensembles and helped users identify extreme
scenarios more efficiently.

4.7.4 Discussion
Table 10 summarizes representative weather and disaster forecasting applications
where AI has been increasingly applied. GNN-based models, such as GraphCast,
represent the current state of the art for medium-range global forecasting. These
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models outperform operational deterministic systems on 90% of 1,380 verification tar-
gets while generating 10-day forecasts in under 60 seconds (Lam, 2023). For extreme
weather prediction, hybrid CNN-RNN architectures demonstrate robust local perfor-
mance, with flash flood susceptibility mapping achieving 92.05% accuracy (Bui et al.,
2020). Meanwhile, TCNs offer the optimal balance of accuracy, computational effi-
ciency, and stability for short-input-window tropical cyclone forecasting (Gan et al.,
2024).

A notable performance divergence exists between global-scale models trained on
ERA5 reanalysis, which generalize well but often underresolve local topographic
effects, and regional models that achieve higher local accuracy but lack transfer-
ability across geographic contexts without complete retraining. Similarly, long-term
climate downscaling models show meaningful bias reduction compared to conventional
quantile delta mapping (QDM) (F. Wang & Tian, 2022). However, their evaluation
remains almost exclusively retrospective, leaving their calibration under novel future
climate states unvalidated. The most critical unaddressed gap is compound hazard
forecasting (Dulin et al., 2025). The reviewed literature predominantly treats floods,
heatwaves, droughts, and cyclones as independent prediction targets. However, the
most damaging real-world events increasingly involve the simultaneous or sequen-
tial co-occurrence of multiple hazards, whose joint dynamics cannot be captured by
single-hazard models.

4.8 Algorithm selection framework for climate AI applications
Table 11 reports the comparative performance, UQ capabilities, and computational
demands of the major AI model families reviewed across the seven domains. Classical
ML models, such as RFs and SVMs, remain the standard for low-cost, tabular tasks
like carbon footprint estimation. However, they lack the temporal memory required for
complex climate sequences, a gap effectively addressed by LSTMs and Transformers.
Notably, Transformer-based architectures like GraphCast have achieved a 90% skill
score in extreme weather forecasting. DL variants, including CNNs and GNNs, dom-
inate spatial tasks ranging from deforestation mapping to global weather projection,
though they often demand significant computational resources and face challenges
regarding spatial autocorrelation and distribution shifts.
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In addition, the table highlights specialized approaches such as Deep RL for real-
time HVAC and traffic optimization, which has demonstrated the potential to reduce
GHG emissions at intersections by up to 10%. However, most of these approaches
are validated primarily in simulation environments, and their deployment in live
climate systems remains limited. Hybrid architectures and PINNs offer superior gen-
eralization under data-scarce and non-stationary climate conditions. For instance,
PINNs accelerate geological storage analysis by 40% while embedding physical con-
straints that prevent implausible extrapolations, and CNN-LSTM hybrids achieve
86% fault classification accuracy with moderate compute requirements, though both
require substantial domain expertise for configuration. Foundation models, such as Cli-
maX, represent a frontier capability, matching Numerical Weather Prediction (NWP)
approach at a fraction of the inference time. However, their prohibitive training costs,
substantial carbon footprints, and the scarcity of fine-tuning data in the Global South
constrain their responsible deployment in the very regions where climate AI is most
urgently needed.

In summary, Table 11 reveals a persistent tension between performance and deploy-
ability, where the highest-performing model families (Transformers, GNNs, Deep RL,
and foundation models) require the highest computational costs, exhibit weaker UQ,
and suffer from the largest sim-to-real gaps. On the other hand, the most inter-
pretable and deployable families (ensemble methods, XGBoost, and PINNs) remain
underutilized in the reviewed literature relative to their demonstrated suitability for
data-scarce and physically constrained climate applications. In addition, Table 11
also organizes decision dimensions into four questions a practitioner should answer
before selecting a model: (1) What is the primary task type? (2) How important
is interpretability or physical consistency? (3) What are the computing and deploy-
ment constraints? (4) Does the model need to generalize across geographies or climate
regions? The interaction of these four factors produces distinct deployment profiles,
each associated with a best-fit architecture and cautionary notes.

Table 12 highlights the transformative impact of AI for seven key sectors from 2017
to 2024, emphasizing measurable efficiency gains and superior predictive capabilities
of modern methods, especially DL, RL, and hybrid systems, over traditional methods.
In Energy and carbon management, deep RL and predictive modeling by DeepMind
achieved significant efficiency gains, such as a 30% reduction in data center cooling
energy and a 20% increase in wind energy value, while advanced industrial controls
cut CO2 capture energy use by up to 24%. Transportation applications use large-scale
traffic data and deep RL to optimize signal timing and leverage autonomous vehi-
cles such as mobile traffic controllers, decreasing stops, emissions, and phantom traffic
jams. For example, Google’s Project Green Light reduced intersection emissions by
10%. Similarly, Industry sector benefited from optimization algorithms. For example,
the adaptive multiscale CNNs and enhanced highway LSTM (ACEL) model outper-
formed traditional methods in industrial fault diagnosis. For buildings and cities, RL
learning was applied to grid-interactive communities and HVAC systems to reduce
peak loads and cut building energy use by around 913%. In Agriculture and Ecosys-
tem Reservation, AI tools like FarmBeats and MegaDetector improved productivity
and monitoring efficiency by substantial margins (up to 45% productivity and 90%
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processing time reduction, respectively). Finally, Weather and disaster forecasting
saw major leaps with GraphCast and LSTM-based flood forecasting, which delivered
faster and more reliable predictions than conventional meteorological systems. These
methods demonstrate AI’s capacity to drive measurable sustainability improvements
through optimized resource management and enhanced predictive accuracy.
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5 Open Issues and Future Research Directions
Before diving into the detailed subsections, it is helpful to frame the principal open
issues that currently limit the effective use of AI for climate change mitigation. First,
data scarcity and heterogeneous data quality constrain model training and general-
ization, particularly for low-income regions and marginalized communities. Second,
the opacity of many high performing AI models and weak UQ hinder trust by sci-
entists, policymakers, and practitioners. Third, the computational and infrastructure
demands of state-of-the-art AI, from resource-intensive training and inference pro-
cesses to continuously powered data centers, create a carbon and resource footprint
that can partially obstruct the mitigation gains. Fourth, ethical and equity concerns
(algorithmic bias, privacy, unequal access, and potential misuse) threaten to amplify
existing social and geographic inequalities if not explicitly addressed. Finally, pol-
icy, governance, and interdisciplinary coordination have not kept pace with technical
advances, leaving gaps in standards, accountability, and cross-sector collaboration
that are essential for safe, scalable deployment.

The systemic challenges at the intersection of AI and climate mitigation are
interconnected and demand coordinated technical, institutional, and social strate-
gies rather than isolated interventions. Effective responses require three critical
pillars: (1) standardized climate datasets with interpretable infrastructures, which
ensure fairness, seamless sharing, exchange, and interpretation; (2) wider adoption of
explainable, uncertainty quantifying models and ’green AI’ practices that minimize
computational emissions; and (3) participatory design with frontline communities, co-
created validation frameworks, and harmonized regulations that accelerate innovation
while embedding equity and environmental safeguards. The following sections discuss
root causes, evaluate existing approaches through comparative analysis, and spotlight
actionable policy pathways and real-world case studies to bridge the gap between
AIs transformative potential and its fairness, scalable, and low-carbon contribution
to climate mitigation.

5.1 Open issues
5.1.1 Data scarcity, quality, and model transferability
Despite rapid advances in AI, high-quality climate and emissions data remain scarce,
fragmented, and inconsistent. Three primary root causes drive this challenge: (1)
Climate-relevant data originate from diverse sources, including satellites, ground sta-
tions, simulations, social media, and emerging IoT/drones, each characterized by
unique resolutions, coverage limitations, and incompatible formats. (2) Developing
nations frequently lack the digital infrastructure and funding necessary to effectively
collect, process, or share data. (3) Critical datasets, such as utility energy records, are
often proprietary or restricted, limiting their availability for research. Consequently,
existing datasets suffer from critical gaps in spatial coverage, temporal resolution, and
standardization. For instance, high-resolution meteorological models like the High-
Resolution Rapid Refresh (HRRR) (NOAA, 2025) provide detailed insights but are
limited to the United States, leaving vast global regions without comparable data.
While ECMWF reanalysis v5 (ERA5) (Hersbach et al., 2020) offers consistent global
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coverage, it does so at a coarse spatial resolution. On the other hand, localized sources
(e.g., OpenAQ (Openaq, 2025) or Global precipitation measurement (GPM) satel-
lite imagery (Huffman et al., 2015)) offer fine-grained detail but suffer from limited
geographic scope. Furthermore, all major data sources require significant preprocess-
ing before they can be utilized for model training, and no single dataset currently
comprehensively addresses these spatial, temporal, and thematic gaps simultaneously.
Table 13 provides a comparative analysis of key climate datasets in different aspects.

Table 13 Examples of climate and energy datasets used in AI models. No single dataset provides
full, unbiased coverage, highlighting the need for integrating multiple sources.

Data source Data type Coverage Access Limitations

ERA5 (Hersbach et
al., 2020)

Meteorological
(temp, wind, rain)

Global, hourly
(1979–now)

Free Coarse (∼31 km);
limited ground
truth

GPM (Huffman et
al., 2015)

Precipitation Global (30-min,
0.1◦)

Free Clouds and orbits
limit detail.

OpenAQ (Openaq,
2025)

Air quality (PM,
NO2, etc.)

∼100+ countries
(variable)

Open
API

Sparse in many
regions; variable
quality.

EDGAR emissions
(Commision, 2025)

GHG by sector and
country (annual)

Global, aggregated Free High uncertainty,
dated reports.

IoT sensors Local energy use,
traffic, etc.

City or building-
specific

Varies Often private; low
interoperability.

Data bias represents another critical challenge, originating from historical and
structural inequalities embedded within climate datasets. Many essential data sources,
such as air quality sensors and adaptive capacity indices, are either sparse or entirely
absent in developing nations (Adams, Ide, Barnett, & Detges, 2018). For instance, pol-
lutant monitoring networks and disaster response systems are frequently concentrated
in urban centers. As the result, AI models trained on such skewed distributions risk
systematically ignoring or underpredicting hazards in rural and low-income regions
(McGovern et al., 2024). Beyond immediate prediction errors, a deeper and often over-
looked consequence of this data disparity is the limited transferability of AI models
across diverse geographical and climatic contexts. The majority of high-performing
models reviewed in this survey were trained on data from North America, Europe,
or East Asia, regions characterized by dense sensor networks, robust reanalysis prod-
ucts, and extensive historical records. However, directly applying these models to
climatically and physically distinct regions introduces severe generalization risks in
applications ranging from flood forecasting and groundwater recharge estimation
to emission prediction and ecosystem monitoring. For example, a flood forecasting
model trained on ERA5 reanalysis data for European catchment encodes physical
relationships between precipitation, soil moisture, and runoff that are specific to
temperate climates with well-assessed river systems. However, the model encounters
fundamentally different dynamics, such as glacial melt contributions, monsoon-driven
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precipitation regimes, complex orographic effects, and sparse gauge networks, when
deployed in the Himalayan basin (Shukla, Jain, & Kansal, 2021). These discrepancies
highlight how models optimized for data-rich regions may fail catastrophically when
transferred to data-scarce environments with distinct hydro-climatic regions.

5.1.2 Model interpretability and uncertainty quantification
Climate phenomena are inherently complex and highly non-linear. Table 14 com-
pares different AI modeling paradigms used for climate change mitigation. Unlike
traditional physics-based climate models, which derive outcomes from transparent
and well-established physical equations, purely data-driven ML models do not explic-
itly encode these physical laws. DL approaches often prioritize optimizing millions
of neural weights over preserving domain-specific constraints. Consequently, these
complex AI models introduce significant transparency gaps in crucial climate appli-
cations, where opaque decision logic can erode trust among scientists, policymakers,
and research communities. For instance, if a flood prediction system issues warnings
based on false correlations with outdated river flow data rather than real-time rain-
fall inputs, the lack of interpretability could prevent early detection of these errors,
potentially leading to catastrophic failures in emergency response (Maimuri, Altahir,
Abdulameer, Rashid, & Al-Dujaili, 2025).

Uncertainty quantification (UQ) refers to the principled characterization of pre-
diction confidence through methods such as ensemble forecasting, Bayesian DL, and
conformal prediction intervals. In climate-critical applications, UQ is a critical. For
example, a flood forecast with 90% accuracy is technically precise but practically
dangerous if it ignores the 10% tail risk, the only zone where critical decisions are
made.

Table 14 Summary of interpretability levels and applications for various climate-related
modeling approaches.

Approach Interpretability Typical use case Example tools/models

Physics-based
models

High (based on
equations)

Long-term climate pro-
jections, physics vali-
dation.

GCMs (CMIP), numerical
weather models.

Physics-
informed ML

Medium (con-
strained)

Hybrid forecasts and
parameterization.

PINNs, ECMWFs AIFS
(AI forecasting).

Ensemble
methods

Moderate (some
feature impor-
tance)

Emission scenarios,
resource optimization.

Random forests, gradient
boosting.

Foundation/
Generative DL

Low-Medium Scenario generation,
downscaling.

Diffusion models, GANs.

Pure ML/DL Low (black-box) Fast prediction (e.g.,
high-resolution fore-
casts).

CNNs, Transformers
(GraphCast) on satellite/-
precip data.
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In critical tasks such as predicting droughts or estimating emission trajectories,
stakeholders require not only accurate predictions but also an understanding of the
underlying drivers. Explainable AI (XAI) (Minh, Wang, Li, & Nguyen, 2022) meth-
ods, such as SHapley Additive exPlanations (SHAP), counterfactual analysis, and
saliency mapping, offer promising tools to uncover feature importance and the logic
behind model decisions. However, despite their potential, these methods are frequently
overlooked in climate change applications, even as the demand for trustworthy and
accountable predictions grows increasingly urgent. Recent successes illustrate this
potential: (1) XAI analysis revealed that a drought index model disproportionately
weighted temperature anomalies (Dikshit & Pradhan, 2021), allowing scientists to
recalibrate the system; and (2) a study on river floods (Choubin et al., 2025) demon-
strated that quantifying the influence of individual climate variables significantly
improved trust among hydrologists.

5.1.3 Energy consumption and infrastructure demands of AI
Training and deploying powerful AI models are highly energy-intensive processes
that can potentially offset some of their intended climate benefits. Large DNNs with
billions of parameters require vast amounts of electricity for both training and deploy-
ment that still comes from fossil-fuel-based grids (Berthelot, Caron, Jay, & Lefevre,
2024). Consequently, the carbon footprint of AI training generally scales with model
size and dataset complexity. Empirical evidence emphasizes the magnitude of this
challenge: training GPT-3 (175 billion parameters) consumed 1,287 megawatt-hours
(MWh) of electricity and generated approximately 502552 metric tons of CO2 equiva-
lent (De Vries, 2023). In contrast, the training of Hugging Face’s BLOOM model (176
billion parameters), executed on a French supercomputer powered largely by nuclear
energy, consumed only 433 MWh and emitted just 25 metric tons of CO2 equivalent
(Workshop et al., 2022). This profound gap demonstrates that grid carbon intensity
is a decisive factor in AI’s environmental impact. Moreover, advances such as deeper
architectures, ensemble methods, and higher-resolution datasets continue to accelerate
computational demand.

After training, the ongoing operational phase where deployed models process user
queries can cumulatively exceed training emissions over time. While inference per
query consumes less energy than training, the sheer volume of requests compounds
the impact rapidly. At current scales, inference for ChatGPT is estimated to consume
approximately 150 MWh per day (Medium, 2025). According to a recent IEA report,
global data centers consumed approximately 415 terawatt-hours (TWh) of electricity
in 2024 (1.5% of total global demand), with projections indicating consumption could
exceed 945 TWh by 2030, more than doubling current levels (IEA, 2025). Moreover,
the continuous operation of data centers for inference and storage demands substantial
electricity and millions of liters of water daily for cooling systems (Rong, Zhang, Xiao,
Li, & Hu, 2016).

These rising workloads place increasing stress on electrical grids. Forecasts from
the Lawrence Berkeley National Laboratory suggest that by 2028, over half of all elec-
tricity allocated to data centers will serve AI functions, potentially consuming energy
equivalent to 22% of annual U.S. household consumption (L.B.N. Laboratory, 2025).
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Consequently, although AI for climate mitigation is increasingly deployed to reduce
emissions, it simultaneously carries a substantial carbon footprint unless the underly-
ing infrastructure is powered predominantly by renewable energy. The environmental
costs extend beyond energy use; specialized hardware such as graphics processing
units (GPUs) and application-specific integrated circuits (ASICs) account for signifi-
cant manufacturing emissions, resource-intensive extraction, and the accumulation of
electronic waste.

Table 15 Summary of energy and resource consumption challenges in AI development and
actionable strategies for carbon footprint reduction.

Component Resource use Mitigation strategies

Model training Very high electricity;
extensive GPU/TPU
utilization.

Use efficient algorithms, model pruning, or
smaller architectures; schedule training during
off-peak hours; utilize carbon-free electricity
sources.

Model inference Persistent server load
(scales with user vol-
ume).

Edge computing; batching predictions;
dynamic scaling (turning off idle systems).

Data centers Continuous power and
water for cooling.

Immersion cooling; water recycling; siting in
cool climates; renewable energy.

Supercomputing
(HPC)

Large HPC clusters for
climate simulations.

Co-design ML with HPC workflows; use low-
energy processors, green data centers.

5.1.4 Governing AI in climate change mitigation domain
Currently, binding policies specifically governing the use of AI in climate domains are
scarce. Existing legislation, such as the EU’s AI Act (Union, 2023), emphasize fun-
damental rights and safety, with limited provisions regarding energy consumption.
(Pagallo, Ciani Sciolla, & Durante, 2022) critically examined the legal consequences
of this omission, highlighting the lack of environmental safeguards within the Act
and offering recommendations for reform. In addition, major international climate
frameworks like the Paris Agreement do not yet address AI tools at all. As a result,
climate-focused AI projects operate within a fragmented patchwork of national reg-
ulations and voluntary norms, which leaves critical areas like data governance and
environmental performance under-defined. In the absence of clear standards, pri-
vate sector actors may overlook safety, equity, or energy efficiency unless mandated,
while public institutions may hesitate to adopt AI solutions due to legal and ethical
uncertainties. Three deployment-critical regulatory gaps stand out:
• Cross-border data sharing: Although shared river basins, such as the Mekong and

Nile, generate hydrological data essential for AI-driven flood forecasting, no binding
framework obliges upstream nations to share real-time sensor data with down-
stream communities that bear the greatest climate risk (Eddamiri et al., 2025). This
lack of regulatory oversight undermines the development of equitable early warning
systems.
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• Carbon market integrity: As AI-estimated sequestration values increasingly deter-
mine carbon credit prices on voluntary markets, the integrity of these markets is
at risk. Currently, no internationally standardized protocols govern acceptable esti-
mation methods, required uncertainty disclosures, or audit procedures for AI-based
carbon accounting (Committee, 2023).

• Liability in early warning systems: AI-based early warning systems operate under
undefined liability systems. When an AI model issues a false negative for floods or
heatwaves resulting in loss of life, legal accountability among developers, agencies,
and governments remains unresolved in most jurisdictions. Such ambiguity serves
as a barrier to both the deployment of life-saving tools and the rigorous disclosure
of model limitations (Cowls et al., 2023).

Beyond regulatory gaps, data sovereignty presents a profound conflict largely
ignored in previous studies. Satellite data covering forests and coastlines in develop-
ing nations is frequently collected by agencies such as NASA and ESA, processed
abroad, and used to train models that inform international carbon markets, with
minimal involvement from the monitored nations (Chander & Sun, 2023). Similarly,
IoT and smart meter data from cities in the Global South are increasingly stored
on foreign cloud infrastructure under foreign jurisdictions. Furthermore, indigenous
ecological knowledge digitized for AI conservation models rarely confers intellectual
property rights or financial benefits to the originating communities (Williamson,
Provost, & Price, 2023). Addressing these inequities requires extending United Nations
Framework Convention on Climate Change (UNFCCC) data-sharing principles to AI
training datasets, investing in in-country compute infrastructure, and establishing par-
ticipatory governance mechanisms that grant affected communities genuine authority
over their data (Chander & Sun, 2023).

The ethical risks of ungoverned climate AI are most severe in regions with high
climate vulnerability. AI risk models trained predominantly on North American and
European data systematically underestimate hazards in Sub-Saharan Africa, South
Asia, and Small Island Developing States, regions facing the most severe impacts,
due to structural underrepresentation in training data (Adams et al., 2018). More-
over, while efficiency gains from AI-optimized energy and agriculture systems often
accumulate to already-advantaged populations, AI-powered monitoring tools (e.g.,
for deforestation or poaching) can be repurposed to monitor and criminalize indige-
nous land use in contexts of contested tenure (Cowls et al., 2023). Governance
responses must therefore extend beyond technical auditing to mandate community
consent, participatory co-design, benefit-sharing agreements, and human rights impact
assessments as preconditions for deployment.

To address these challenges, experts call for inclusive, multi-stakeholder gover-
nance frameworks that enforce transparency, fairness, and accountability. For instance,
a UNFCCC technical panel recommends policies prioritizing these principles along-
side collaborative standard-setting (Committee, 2023). Practical steps include aligning
multi-stakeholder standards, fostering formal partnerships between AI researchers and
geoscientists, and funding cross-disciplinary centers. While some nations have initi-
ated seed funding and pilot programs, significantly greater international coordination
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is required to avoid fragmented rules, duplicated efforts, and barriers to scaling AI-
driven mitigation. Without these governance advances, AI risks deepening rather than
bridging the inequities that already characterize the global climate crisis.

5.2 Future research direction
5.2.1 Benchmarks, foundation models, and geographic transferability
Beyond domain-specific directions, our analysis of open issues reveals several critical
research directions:
• Data scarcity and bias: Mitigating data scarcity and bias requires standardized,

open benchmarks and shared simulation environments that cover underrepre-
sented regions and sectors, enabling reproducible model comparison under realistic
constraints (Kaack et al., 2022). The challenge of data transferability demands
both technical and institutional responses. Technically, the field needs standard
benchmarks that explicitly include data-scarce regions, standardized protocols for
reporting out-of-distribution performance, and open-access pre-trained founda-
tion models adaptable to local contexts. Institutionally, international data-sharing
agreements, investment in sensor infrastructure in underrepresented regions, and
capacity-building programs for local AI practitioners are essential to ensure cli-
mate AI does not replicate existing geographic inequities embedded in training data
(Adams et al., 2018).

• Foundation models for climate AI: A transformative research priority for all con-
sidered domains is the development of large-scale, pre-trained foundation models
that can be efficiently fine-tuned to domain-specific climate tasks. In atmospheric
science, this approach has already been implemented: GraphCast (Lam, 2023) and
Pangu-Weather produce global 10-day forecasts in under 60 seconds, outperforming
operational NWP systems on 90% of verification targets, while ClimaX (T. Nguyen
et al., 2023) extends this to multi-variable climate projection by pre-training on
heterogeneous CMIP6 ensembles and fine-tuning to regional tasks with minimal
data. In remote sensing and land-use, vision foundation models pre-trained on large
satellite archives, such as those built on masked autoencoder frameworks applied
to Sentinel and Landsat imagery, are beginning to enable zero- and few-shot land
cover classification, deforestation detection, and crop mapping in data-scarce regions
without task-specific retraining (Silvestro et al., 2022). In hydrology, the LSTM-
based global flood forecasting system of (Nearing et al., 2024), trained on the
CAMELS-DK multi-catchment dataset (J. Liu et al., 2024) and validated across
thousands of ungauged watersheds, provides 5-day forecasts with reliability com-
parable to 0-day GloFAS nowcasts. Building on these examples, the field urgently
needs foundation models trained on globally integrated datasets combining ERA5
reanalysis (Hersbach et al., 2020), satellite altimetry, GRACE groundwater observa-
tions, and in-situ gauge records, that can be fine-tuned to individual river systems,
agricultural monitoring tasks, or ecosystem health indices using transfer learning
and physics-informed constraints. This approach would directly address the trans-
ferability gap identified in Section 5.1.1 and provide the shared benchmarking
infrastructure currently lacking across climate AI domains.
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These research directions aim to directly tackle the systemic gaps identified in
Section 5.1.1 by improving AI algorithms, infrastructure design, and governance
mechanisms. They illustrate how future work can simultaneously improve technical
performance, reduce the carbon footprint of AI itself, and strengthen the reliabil-
ity and legitimacy of AI-enabled climate mitigation strategies. Finally, future AI for
climate mitigation should adopt a structured data benchmark evaluation protocol
with at least five dimensions: (1) spatial or temporal integrity of the train-test split;
(2) validation across multiple sites, years, or operational contexts; (3) minority-class
or tail-event performance reporting; (4) UQ beyond point estimates; and (5) public
availability of code and data. This framework would enable not only a more honest
synthesis of the state of the art but also provide actionable guidance for practition-
ers on which results are robust enough to inform deployment decisions (Kaack et al.,
2022; Ladi et al., 2022).

5.2.2 Physics-informed and uncertainty-aware AI
A fundamentally distinct approach to the interpretability and reliability challenges
described in Section 5.1.2 is the family of PINNs (Meng et al., 2025). Rather
than treating interpretability as a post-hoc diagnostic issue, PINNs embed physical
knowledge directly into the model architecture and loss function during training, con-
straining the solution space to outputs consistent with known governing equations.
This architectural constraint simultaneously improves interpretability, reduces data
requirements, and enhances generalization under novel climate conditions (S. Liu, Lu,
Painter, Griffiths, & Pierce, 2023).

The applications of PINNs for climate-critical water applications are a represen-
tative example. In flood forecasting, PINNs trained on sparse gauge networks can
interpolate hydraulically consistent flow fields across ungauged river reaches, fill-
ing spatial data gaps that hinder reliable inundation mapping in developing regions
(B.J. Lee & Chang, 2026). Similarly, in groundwater modeling, physics-informed
approaches embedding Darcy’s law and the Richards equation enable recharge and
depletion forecasts that respect aquifer geometry and hydraulic conductivity con-
straints, even with limited borehole observations (Y. Li, Sun, Fu, & Wei, 2025).
Despite their promise, PINNs face open challenges requiring community attention:
(1) training stability is more complex than for standard DL models; (2) performance
is highly sensitive to collocation point distribution, loss weighting strategies, and
network architecture; and (3) while they reduce data dependency, they still require
sufficient observational data to anchor solutions, and performance degrades if the
assumed governing equations incompletely represent physical processes. These issues
require dedicated benchmark datasets for physics-informed modeling, standardized
evaluation protocols testing both data-fitting accuracy and physics residual compli-
ance, and closer collaboration among applied mathematicians, hydrologists, and AI
researchers.

In addition, Section 5.1.2 highlighted the critical need for enhanced UQ and robust
decision-making in high-stakes climate applications. Currently, many AI deployments
in energy, transport, and urban planning rely on point forecasts or static scenario
analyses that fail to fully integrate uncertainty into infrastructure design and policy
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decisions (S. Liu et al., 2023). Stochastic optimization models offer a promising trend.
For instance, the network expansion framework proposed by (Giannelos, Konstantelos,
Zhang, & Strbac, 2025) explicitly distinguishes between exogenous uncertainties (e.g.,
load growth, weather patterns) and endogenous uncertainties (e.g., consumer adoption
of demand-side response). By adopting such distinct uncertainty classifications, plan-
ners can develop resilient expansion strategies that remain viable across a wider range
of future climate and technological scenarios. Future research should prioritize three
key directions: (1) Coupling probabilistic ML/DL models with stochastic planning
frameworks to ensure forecast uncertainty is directly integrated into optimization con-
straints; (2) Systematically exploring how different uncertainty representations, such
as ensembles, Bayesian models, and distributionally robust optimization, influence
infrastructure investment decisions; and (3) Developing open benchmark problems
where AI-based forecasters and planners can be rigorously compared under shared
uncertainty assumptions. These efforts would directly address current gaps in trust
and robustness for AI-supported climate decisions.

5.2.3 Green AI and scalable decarbonized infrastructure
Section 5.1.3 underscored the growing energy and carbon footprint of AI models
and data centers themselves. A key research direction is “Green AI,” which aims to
decarbonize the full AI lifecycle, from model design to deployment and infrastructure
planning. Beside common approaches like efficient model architectures and pruning
techniques (Tmamna et al., 2024), this requires system-level optimization of where
and when AI workloads are executed.

Recent work by (da Silva, Gamatié, Sassatelli, Poss, & Robert, 2022) illustrates this
direction by showing how computing loads can be dynamically migrated across data
center networks to locations with high renewable energy availability, complemented by
on-site storage to smooth variability. Future research can extend such frameworks by:
(i) co-optimizing model scheduling, hardware allocation, and renewable integration
under explicit carbon constraints; (ii) embedding carbon-aware objectives directly into
training and inference pipelines; and (iii) developing standardized reporting protocols
so that AI-for-climate applications disclose their own energy use and emissions. These
advances would turn AI infrastructure from a passive load into an actively optimized
component of decarbonized energy systems.

The review of AI applications in energy management (Section 4.1) and buildings/c-
ities (Section 4.2) reveals that current studies predominantly focus on optimizing
single assets, such as individual buildings, heat pumps, or batteries, in isolation. A
pressing future direction is to coordinate the optimization of diverse distributed assets
to provide system-level flexibility, while simultaneously respecting local comfort con-
straints, equity considerations, and computational limits (Alanne & Sierla, 2022).
Recent work by (Dong, Zhang, Zhang, Giannelos, & Strbac, 2024) demonstrates how
the thermal flexibility of thousands of buildings can be effectively aggregated through
a normalization and control framework. This approach enables coordinated space
heating that enhances urban energy system flexibility without incurring prohibitive
computational costs. By leveraging distributed reinforcement learning or hierarchical
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model predictive control, such methods can scale to city-district levels, successfully
balancing peak demand reduction with user preferences.

Developing similar scalable coordination algorithms for other sectors, such as
EV fleets, industrial heat pumps, and distributed renewable generation, is a critical
priority for future mitigation strategies. In EV aggregation, game-theoretic or feder-
ated learning approaches could incentivize vehicle-to-grid participation while ensuring
charging equity across neighborhoods (L. Zhou, Huo, Chen, Bo, & Li, 2025). For the
industrial sector, hybrid PINNs offer a pathway to integrate complex process con-
straints with dynamic demand response signals. Future research should prioritize three
key areas: (1) Privacy-preserving aggregation via differential privacy or secure multi-
party computation; (2) Standardized benchmarks for cross-sector flexibility markets;
and (3) Real-world pilots that integrate these coordination frameworks with stochastic
weather forecasts to strengthen climate resilience.

5.2.4 Bridging mitigation and adaptation of AI for climate resilience
While the preceding sections primarily frame AI’s role through the lens of emis-
sions reduction and mitigation, the IPCC explicitly emphasizes that mitigation and
adaptation must be deeply interconnected to achieve long-term climate stability
(Calvin et al., 2023). AI plays a pivotal role in bridging these two pillars by moving
beyond passive environmental monitoring to actively enabling transformative climate
adaptation.
• Resilient infrastructure design: Current AI applications in buildings/cities

(Section 4.1) and transportation (Section 4.4) are largely optimized for operational
efficiency under current climate conditions. A critical but underexplored direction
is utilizing AI to design infrastructure that remains functional and safe under pro-
jected future climate trajectories (Shehadeh et al., 2024). This requires shifting from
static optimization to dynamic, scenario-aware design using CMIP6 ensembles to
stress-test assets against 1.5-3 °C warming scenarios. In particular, energy systems
face cascading disruptions during compound climate events, such as heatwaves that
simultaneously reduce hydropower availability and spike cooling demand (Perera et
al., 2020). GNNs are particularly well-suited for this task, as they can model the
cascading vulnerability of interconnected infrastructure networks. Furthermore, RL
agents can be trained to optimize infrastructure layout and investment allocation to
minimize long-term climate risk across the full network, as demonstrated by deep
RL approaches for resilient road network recovery under flooding hazards (Fan et
al., 2023).

• Compound hazard forecasting: While Section 4.7 covers individual extreme weather
events, the growing threat of compound hazards, where two or more extreme
events co-occur or rapidly succeed one another, remains largely unaddressed in the
reviewed literature. Climate warming is projected to substantially increase exposure
to compound extremes (e.g., flood-heatwave combinations), with disproportionate
impacts on vulnerable populations (Q. Zhao et al., 2024). Such events produce
impacts greater than the sum of their individual parts. However, most AI forecast-
ing systems are trained to predict single event types in isolation. Future research
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must develop multi-hazard AI frameworks that model the joint probability distribu-
tion of co-occurring extremes, their physical interdependencies, and their cascading
effects on human systems. Transformer-based architectures with multi-target out-
put heads could simultaneously forecast the onset probability, intensity, and spatial
footprint of multiple hazard types from shared atmospheric inputs. These systems
would directly support the IPCC AR6 adaptation goal of building early warning sys-
tems capable of detecting compound risks before individual thresholds are breached
(Calvin et al., 2023).

• Nature-Based Solutions (NBS) optimization: NBS simultaneously sequester car-
bon (contributing to mitigation) and buffer communities against climate extremes
such as floods, heatwaves, and storm surges (contributing to adaptation). Although
wildlife-focused conservation and trophic rewilding alone could enable the seques-
tration of up to 6.41 billion tons of CO2 annually (Schmitz et al., 2023), the spatial
deployment of NBS at scale remains a significant unsolved challenge. Moreover,
declining forest ecosystem resilience under climate change threatens the long-
term stability of these natural carbon sinks (Forzieri et al., 2022). AI can play
a central role by applying multi-objective optimization algorithms, including RL
and evolutionary strategies, to identify the placement and configuration of NBS
that maximize co-benefits (carbon sequestration, urban cooling, flood attenua-
tion, biodiversity, and equity) within land availability and cost constraints. Remote
sensing-driven AI models, as demonstrated in the forest management and land-use
applications reviewed in Section 4.6, provide the necessary spatial data founda-
tion. In addition, PINNs embedding hydrological and ecological process equations
could predict how proposed NBS configurations will perform under future climate
scenarios, allowing planners to design nature-based interventions robust across the
full range of projected climate futures. Integrating AI-optimized NBS planning
into urban and regional development frameworks represents one of the most direct
approaches to operationalizing IPCC adaptation strategies at the scale the climate
crisis demands (Calvin et al., 2023).

In summary, these three sample goals move AI beyond simple efficiency customiza-
tion toward driving deep, systemic adaptation. To achieve this, experts from climate
science, engineering, and social sciences need to work together under inclusive gover-
nance. Researchers should view the intersection of climate mitigation and adaptation
as the primary frontier for AI innovation, where it can make the greatest impact on
global resilience (Hintz et al., 2026).

5.2.5 Governance, equity, and participatory AI development
The governance of AI in climate domains represents one of the most critical yet under-
developed research frontiers. Despite the rapid scaling of AI deployment for energy
systems, disaster forecasting, and conservation, binding policies specifically govern-
ing the intersection of AI and climate remain scarce. Existing legislation, such as
the EU AI Act (Union, 2023), prioritizes fundamental rights and safety with min-
imal provisions regarding energy consumption or climate equity, a gap whose legal
and environmental consequences have been critically examined (Pagallo et al., 2022).
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Major international climate frameworks including the Paris Agreement do not yet
address AI, leaving climate-focused AI projects operating within a fragmented patch-
work of national regulations and voluntary norms. Without enforceable standards,
private actors may deprioritize safety, equity, and energy efficiency, while public insti-
tutions may hesitate to adopt AI solutions due to unresolved legal uncertainty. Three
critical regulatory gaps demand immediate attention:

1. Cross-border data sharing: No binding framework obliges upstream nations (e.g., in
the Mekong or Nile basins) to share real-time hydrological data essential for down-
stream flood forecasting, leaving vulnerable communities unprotected (Eddamiri
et al., 2025).

2. Carbon market integrity: As AI estimates drive carbon credit pricing, the lack of
standardized protocols for estimation methods, uncertainty disclosure, and auditing
threatens market reliability (Committee, 2023).

3. Liability in early warning systems: Undefined legal accountability for false negatives
in life-critical models inhibits both deployment and transparent reporting of model
limitations (Cowls et al., 2023).

A second frontier largely absent from prior governance literature is data
sovereignty. Satellite and IoT data from the Global South are frequently extracted,
processed abroad, and used for international markets with minimal local involvement
or benefit (Chander & Sun, 2023; Williamson et al., 2023). This requires extending
UNFCCC data principles to AI datasets, investing in local computing infrastructure,
and granting communities genuine authority over their data. Ethical risks are most
severe where climate vulnerability is highest. Models trained on Euro-American data
systematically underestimate hazards in Sub-Saharan Africa, South Asia, and Small
Island Developing States (SIDS) (Adams et al., 2018; McGovern et al., 2024). More-
over, while efficiency gains often favor advantaged populations, monitoring tools can
be repurposed to observe indigenous communities (Cowls et al., 2023). Governance
must therefore mandate community consent, participatory co-design, and human
rights impact assessments as preconditions for deployment.

Future research should prioritize four directions: (1) Establish a UNFCCC working
group to define binding standards for carbon accounting, data sharing, and liability;
(2) Extend regional data-sharing frameworks to climate AI datasets; (3) Mandate
national environmental and human rights impact assessments paired with local capac-
ity building; and (4) Develop regulatory sandboxes and participatory design protocols
that empower frontline communities to co-define targets and validate models, trans-
forming governance from a compliance check into an upstream design constraint
(Committee, 2023; Cowls et al., 2023).

6 Conclusion
This systematic review analyzed 280 peer-reviewed studies (2015–2025) to evaluate
the methodological development, empirical performance, and practical applicability
of AI in climate change mitigation and adaptation. The analysis demonstrates that
ML/DL architectures significantly enhance predictive accuracy, operational efficiency,
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and decision-support capacity for the seven key climate-impact domains. Based on
comprehensive bibliometric screening, critical evaluations, and cross-domain synthesis,
the primary findings are summarized below:
• Domain and geographic distribution: Research output varies significantly by domain

and region. Energy and Carbon Management represents the largest share (21%),
followed by Transportation (15%), Agriculture (14%), and Buildings and Cities
(14%). Ecosystem Conservation, Weather and Disaster Forecasting, and Industry
each account for approximately 12–13%. Geographically, Asia (35%), North Amer-
ica (26%), and Europe (22%) dominate the literature, while climate-vulnerable
regions, including Africa, South America, and Oceania, collectively contribute less
than 7%, revealing a critical representation gap.

• Methodological trends and technical limitations: DL architectures (CNNs, RNNs/L-
STMs, Transformers) dominate forecasting and monitoring tasks. However, super-
vised models frequently struggle with inference under non-stationary climate
regions. On the other hand, hybrid and physics-informed approaches (e.g., PINNs,
differentiable hydrological models) demonstrate superior physical consistency and
transferability. However, they remain overlooked due to computational complex-
ity and implementation difficulties. Finally, the literature exhibits inconsistent
research methods, such as inadequate spatiotemporal cross-validation, unreported
uncertainty quantification, dataset leakage, and a lack of open benchmarks for
cross-regional evaluation.

• Generalizability and data ecosystem challenges: Model transferability remains a
systemic bottleneck. Performances of algorithms trained on data-rich often degrade
sharply when deployed in data-scarce or climatically distinct environments. This
limitation is combined with fragmented data ecosystems, proprietary restrictions,
and the lack of coordinated, multi-jurisdictional validation protocols.

• Socio-technical and governance gaps: Technical performance metrics dominate the
literature, while socio-technical dimensions, including algorithmic bias, commu-
nity co-design, data sovereignty, and the environmental footprint of AI training,
are systematically underreported. Responsible deployment requires explicit integra-
tion of equity frameworks, transparent uncertainty communication, and governance
mechanisms that prioritize climate-vulnerable populations.

• Priority future directions: Future research trends in AI for climate change miti-
gation and adaptation include: (i) development of open, standardized benchmark
datasets spanning diverse climatic and socioeconomic contexts; (ii) scalable,
physics-informed and hybrid architectures that balance accuracy with interpretabil-
ity and extrapolation robustness; (iii) rigorous out-of-distribution validation and
uncertainty-aware reporting standards; and (iv) governance-aligned AI frameworks
that bridge technical innovation with climate adaptation.

This review emphasizes that while AI has matured into a powerful enabler of
climate mitigation and adaptation-oriented applications, its full potential remains con-
strained by methodological fragmentation, geographic bias, and governance gaps. To
foster climate-resilient, equitable, and scientifically robust development, future AI sys-
tems require coordinated investment in open science, cross-disciplinary collaboration,
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and policy-aligned deployment standards. By adopting the evaluation criteria, algo-
rithm selection guidance, and quality assessment frameworks introduced in this review,
researchers and practitioners can systematically navigate methodological trade-offs,
mitigate deployment risks, and accelerate the transition from experimental AI to
operational, context-aware climate solutions.

Table 16: List of abbreviations used in this survey

Abbreviation Meaning
AI Artificial Intelligence
ANN Artificial Neural Network
BEMS Building Energy Management System
BESS Battery Energy Storage System
CCS Carbon Capture and Storage
CH4 Methane
CMIP6 Coupled Model Intercomparison Project Phase 6
CNN Convolutional Neural Network
CNNs Convolutional Neural Network
CO2 Carbon Dioxide
CO2e Carbon Dioxide Equivalent
CV Computer Vision
DL Deep Learning
ECMWF European Centre for Medium-Range Weather Forecasts
EO Earth Observation
ERA5 ECMWF Reanalysis v5
EV Electric Vehicle
FAO Food and Agriculture Organization of the United Nations
GA Genetic Algorithm
GHG Greenhouse Gas
GIS Geographic Information System
GNN Graph Neural Network
GRU Gated Recurrent Unit
HVAC Heating, Ventilation, and Air Conditioning
HRES Hybrid Renewable Energy Systems
IEA International Energy Agency
IoT Internet of Things
IPCC Intergovernmental Panel on Climate Change
LIME Local Interpretable Model-Agnostic Explanations
LSTM Long Short-Term Memory
ML Machine Learning
MLP Multilayer Perceptron
MPC Model Predictive Control
MODIS Moderate Resolution Imaging Spectroradiometer
MSE Mean Squared Error
NASA National Aeronautics and Space Administration
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Table 16: List of abbreviations used in this survey

Abbreviation Meaning
NDVI Normalized Difference Vegetation Index
NOAA National Oceanic and Atmospheric Administration
NWP Numerical Weather Prediction
PPAs Power Purchase Agreements
PSO Particle Swarm Optimization
PV Photovoltaic
RF Random Forest
RL Reinforcement Learning
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
RS Remote Sensing
SCADA Supervisory Control and Data Acquisition
SVM Support Vector Machine
UNFCCC United Nations Framework Convention on Climate Change
WRF Weather Research and Forecasting (model)
XGBoost eXtreme Gradient Boosting
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