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to provide a comprehensive systematic review of the role of artificial intelligence
(Al) in addressing climate change, with a particular focus on its practical
applications in four key domains: renewable energy, climate prediction, smart
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Change (IPCC), covering the period from 2020 to 2026. From an initial pool of 487
publications, 72 studies were selected for final analysis based on predefined criteria
of relevance, methodological quality, and publication recency. The extracted data
were synthesized and analyzed according to five thematic categories.

Results: The findings indicate that Al has demonstrated significant potential in
optimizing renewable energy systems, accurately forecasting extreme climate
events, reducing agricultural inputs (up to 30% less fertilizer, 40% lower pesticide
use, and 35% lower irrigation water consumption), enabling intelligent natural
resource management, and improving carbon stock estimation in ecosystems.
Furthermore, advanced deep learning models, such as FourCastNet and GraphCast,
have achieved highly accurate weather forecasting while requiring substantially
lower computational costs than conventional numerical forecasting models.
Conclusion: The review highlights several strategic priorities for advancing Al-
driven climate action, including the development of region-specific Al solutions,
increased investment in mitigation-oriented applications, the establishment of
ethical and regulatory frameworks to enhance algorithmic transparency, the
promotion of physics-informed and data-driven hybrid approaches, stronger
interdisciplinary collaboration, and greater consideration of the carbon footprint
associated with Al technologies.
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Introduction

Climate change is one of the most significant environmental, economic, and social
challenges of the twenty-first century. Rising greenhouse gas emissions have increased global
temperatures, intensified extreme weather events, and threatened ecosystems, agriculture,
water resources, and human well-being. Addressing these challenges requires innovative
solutions that support both climate change adaptation and mitigation.

Artificial Intelligence (Al) has emerged as a promising technology for climate action.
Through machine learning, deep learning, computer vision, and optimization techniques, Al
enhances climate prediction, precision agriculture, renewable energy management,
environmental monitoring, and resource optimization. Recent models, such as GraphCast and
FourCastNet, have improved weather forecasting while reducing computational costs. Al has
also demonstrated strong potential in smart grids, carbon monitoring, and sustainable
agricultural practices.

Despite these advances, several barriers limit the widespread adoption of Al for climate
applications. Key challenges include limited data availability and quality, lack of model
transparency, algorithmic bias, high energy consumption, implementation costs, insufficient
regulatory frameworks, and regional disparities. Moreover, existing research focuses
predominantly on climate adaptation, with comparatively less attention given to mitigation.

Given the rapid growth of Al research in climate science, a comprehensive synthesis of
current knowledge is needed. Therefore, this systematic review examines Al applications in
climate change adaptation and mitigation, identifies major challenges and research gaps, and
outlines future directions for supporting sustainable climate action.

Method

This study employed a systematic literature review following the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) framework. A comprehensive
search was conducted using major scientific databases, including ScienceDirect, IEEE Xplore,
SpringerLink, Frontiers, Nature Climate Change, and official reports published by the
Intergovernmental Panel on Climate Change (IPCC).

The search covered publications published between 2020 and 2025 using combinations of
keywords related to Artificial Intelligence, Machine Learning, Climate Change, Climate
Adaptation, Climate Mitigation, Renewable Energy, Precision Agriculture, and Environmental
Management. After removing duplicate records and screening titles and abstracts, studies were
evaluated according to predefined inclusion criteria, including scientific quality, relevance to
Al applications in climate change, methodological rigor, and publication recency.

From an initial collection of 487 publications, 72 high-quality studies were selected for
detailed analysis. Extracted information included Al techniques, application domains,
geographical distribution, implementation challenges, reported outcomes, and research
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limitations. The selected studies were then categorized into five major thematic areas to
facilitate qualitative synthesis and comparative analysis.

Results

The reviewed studies demonstrate that Artificial Intelligence has become an essential
enabling technology for both climate change adaptation and mitigation across multiple sectors.

One of the most mature application areas is renewable energy management. Machine
learning algorithms significantly improve the forecasting of solar and wind energy production,
optimize energy storage systems, and enhance smart grid operation. These improvements
increase renewable energy integration while reducing operational costs and carbon emissions.

Climate prediction represents another rapidly advancing field. Deep learning models such
as GraphCast and FourCastNet have achieved forecasting accuracy comparable to or better
than conventional numerical weather prediction systems while requiring substantially lower
computational resources. Improved forecasting enhances disaster preparedness and strengthens
climate resilience.

Precision agriculture has also benefited considerably from Al technologies. Intelligent
irrigation systems, crop monitoring, pest detection, and fertilizer optimization have reduced
fertilizer consumption by approximately 30%, pesticide use by nearly 40%, and irrigation water
demand by about 35% in several reported case studies. These improvements contribute
simultaneously to increased agricultural productivity and reduced environmental impacts.

Al has further demonstrated substantial potential in ecosystem monitoring, carbon
accounting, forest management, biodiversity conservation, and environmental risk assessment
through satellite image analysis, remote sensing, and automated environmental monitoring
systems.

Nevertheless, the review identifies several critical barriers limiting large-scale
implementation. The most frequently reported challenges include limited availability of high-
quality data, concerns regarding data privacy and ownership, lack of model transparency,
algorithmic bias, substantial computational energy consumption, high implementation costs,
limited technical expertise, insufficient interdisciplinary collaboration, and the absence of
comprehensive regulatory and ethical frameworks. The analysis also reveals an imbalance in
current research priorities. Approximately two-thirds of published studies focus primarily on
climate adaptation, whereas only a relatively small proportion explicitly addresses Al
applications for climate change mitigation. In addition, geographical analysis indicates that
Asia and global-scale studies dominate the literature, while Africa and South America remain
significantly underrepresented despite their high vulnerability to climate change.

Conclusion
Artificial Intelligence is transforming climate science by providing advanced analytical
capabilities that improve climate prediction, optimize renewable energy systems, support
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precision agriculture, and enhance natural resource management. The evidence synthesized in
this review demonstrates that Al can contribute significantly to both climate adaptation and
mitigation while improving decision-making across multiple sectors.

However, realizing the full potential of Al requires addressing several technical,
economic, ethical, and institutional challenges. Improving data accessibility and quality,
increasing model transparency and explainability, reducing the environmental footprint of Al
systems, strengthening interdisciplinary collaboration, and establishing robust regulatory
frameworks should be considered priority research and policy objectives. Future studies should
place greater emphasis on Al applications that directly reduce greenhouse gas emissions,
develop region-specific solutions for vulnerable countries, and promote equitable access to Al
technologies. Addressing these priorities will enable Artificial Intelligence to become a more
effective and sustainable tool for accelerating global climate action.
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Figure 1. The effectiveness of artificial intelligence in all dimensions
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Table 1. Examples of the use of artificial intelligence in weather and climate forecasting
Y Predicti L R
Scale ear redl.c on Method Application esouree
Horizon
FourCastNet, Forecasting air temperature, wind
Short- to FourCastNet- fields, global kinetic energy
Global 2025 Medium- SFNO, Pangu- spectrum, reglo.nal precipitation, [9]
Weather, cloud cover, tropical cyclone tracks,
Term
GraphCast, Aurora, and hyperlocal extreme events
AIFS, and GenCast during the South Asian monsoon
Competing with operational
. Numerical Weather Prediction
Physics-Informed . e
Short- to (NWP) systems in specific
. Neural Networks . . . .
Global 2026 Medium- applications, including climate [10]
(PINNSs) and Neural . .
Term modeling, extreme event analysis,
Operators L
renewable energy optimization, and
emissions monitoring
D A-LSTM L .
eepG .S Optimizing the architecture and
(Genetic
Drought Alorithm-Lon hyperparameters of LSTM
Mexico 2025 g . g g networks for drought forecasting by [11]
Forecasting Short-Term . .
. modeling complex nonlinear
Memory Hybrid atterns
Model) P
Dynamic Graph .
. 24 Hours ynam P Hourly sea fog forecasting for 72
China (Hourl Neural Networks monitoring stations in the port area
(Ningbo | 2026 "y (DGNN), Graph oring P 2]
Rolling . with successful operational
Port) Forecast) Attention Networks validation in 2023
(GAT), and LSTM
Artificial Neural Daily temperature forecasting;
Network (ANN) results indicated that traditional
New Temperature . -
2025 . versus Multiple statistical methods outperformed [2]
Zealand Forecasting . . e . .
Linear Regression | artificial neural networks in certain
(MLR) cases
Rainfall forecasting by
. . Physics-Informed incorporating key meteorological
Multipl Rainfall . .
R: i:)pns 2026 Forzz:r;s?in Neural Networks | variables, such as humidity, through [13]
g g (PINN) the integration of physical
principles with deep learning
China CNN-Enhanced Objective identification of the Pre-
(Pre- 2026 Seasonal Autoencoders with | Meiyu season and classification of [14]
Meiyu Classification | ERAS Reanalysis weather patterns associated with

Season)

Data (1979-2023)

regional precipitation
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Table 2. The role of artificial intelligence in improving the use of fertilizers and chemicals in precision agriculture

Crop Al Method Description Outcomes Ref.
. Collection of soil, moisture, . .
Data-Driven otiection of sotl, MOISture 20-30% increase in crop
temperature, and crop growth data . -
. . Smart . yield; reduced fertilizer and
Maize (China) . using sensors, followed by Al-based - . [17]
Agriculture . - L pesticide use; record yield
analysis to provide precise irrigation
System A 8 of 1,384 kg/ha.
and fertilization recommendations.
Use of UAV multispectral imagery, 10-30% reduction in
HOUJI Al real-time machine learning analysis, nitrogen application; 10—

Rice (China) Platform and generation of digital prescription 35% reduction in water [18]
maps to detect water and nutrient consumption; improved
deficiencies in agricultural fields. crop yield.

Large Language Analysi§ of satellit-e imagery to. 10% increas.e in-crop yi.eld;
generate high-resolution prescription 10% reduction in fertilizer
Model (LLM) Lo . L
Wheat . maps for individual field plots, and pesticide use; 50%
. and Precision . . - . L [19]
(China) Agriculture integrated with tractors equipped with reduction in water
gS siem Variable Rate Technology (VRT) for consumption; 5% reduction
y site-specific fertilization. in seed usage.
25% reduction in chemical
Knowledge- . . fertilizer use; 30%
g . Integration of agricultural databases L Y
. Based Multi- . . reduction in pesticide
Multiple with multi-agent models to generate . .
. Agent . - application; 35% reduction [20]
Crops (China) - customized cultivation plans for each ; .
Intelligent field and cro in water consumption;
System - annual increase of 0.1% in
soil organic matter.
Acquisition of hyperspectral, thermal, More than 25% reduction in
Random Forest . . . -
(RF) Model and three-dimensional (3D) UAV data; | nitrogen application; model
Maize (China) with Remote extraction of 15 predictive features and accuracy of Rz =0.88; [21]
Sensing Data modeling of crop yield response to minimum prediction error
9 fertilizer application. of 0.384 t/ha.
Machine
Learning Using Estimation of carbon sequestration in Accurate estimation of
Mango (India) Sentinel-2 mango orchards using artificial carbon sequestration [22]
Satellite intelligence and satellite imagery. capacity in mango orchards.
Imagery
Smart Droplets
Project: 40% reduction in pesticide
Agricultural Atrtificial Autonomous robotic spraying systems | use; 15% reduction in liquid
Systems Intelligence with Al-based optimization to reduce fertilizer consumption; 40% [23]
(Europe) (Al), Digital agrochemical input consumption. reduction in water use; 15%
Twin, and increase in profitability.
Robotics
Artificial L A
. m_ cia Al-based irrigation and fertilization Improved water-use
Wheat, Maize, Intelligence- . . L. .
.. management in sandy soils over three efficiency, enhanced soil
and Sugar Based Decision consecutive growing seasons (2022— sustainability, and increased [24]
Beet (Egypt) | Support System g g Y,

(AI-DSS)

2025).

crop productivity.




VF-0 Y o)LoJ; Al 0,99 GM/)«A—U} uié_:Lo

S 5l 5,8 ol wl Sl IKis 8 50 40 Sl
plol 5 Sy el oo.:.ﬂ sl Xz ols
o slosls b Jao Sl )ie,a slp sasme (590
[YV] QAL 08 (yasT
WS a1 b K wilg e Loi—an yhga
y99u0 30 BN LS penal 4 g 2 S 1) ol K
sigp 3l eolatw s wiS S8 655“0‘;.31 adgl sloloin
9 Py diabsn bl o poe gl (L5iae
|y porcen sy (Sosll g oo (ooeldl i b 5500
T XS 1).?| ‘) Srho L;’;.BL&> Slaladl P odl u...aslf
S92 St ol glie 5o S pae sy eoian
Sonte |y 6 oy S yaelip 5 )8 (olidlya

b @lbe Sy e )0 (Lohan hgr laspls -F-Y

RS Gilwe 3 g

bgsye slo o by 5 IS 0 o3 sl Sl o
(b Kz 5 ol (ome) oi9a) b mlie o e 4
el 0390 oyl o 50 55 (sl (£l 9—Sg0
Aoyl Sleas da Sz yols s 3L oLl

Lias 1) s g55 &5 Gl sloollins g porieny)
oS 05l o y—al Gl ply imd po Cws IS e
b e ols Cuwd Sl Hlas (egian hea slass
S ekatedny [YF 5 VO] aes o rals
sl iz o gl g5y oy @R
s i Sl e 57 Riess (g5lel SIL
Al o g Ll S slrosls (g5l e gl 05T

6[.%00‘0 6)L_MJJAA LS‘J’ 4...9[:4.&_..49.: UMOLBS aladls>

%%z);

> %
i__
Land Use Planning
Artificial Intelligence
/ in Natural Resource \ _6)
Management )

Water Resources Management

Environmental Conservation

Figure 2. Artificial intelligence in natural resource management
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Table 3. The role of artificial intelligence in natural resource management, ecosystem
restoration, land use planning, and carbon storage

Natural Resource
Management

Ecosystem Restoration

Land Use Planning

Carbon Sequestration

Google Earth Al:
Identification of fine-scale
ecological features
(hedgerows and riparian
woodlands) across more
than 130,000 km? of the
United Kingdom using a
Vision Transformer model.

Al-based framework:
Identification of ecosystem
conservation and
restoration priorities across
Canada in support of the
30%30 conservation target.

Urmia (Iran): Integration of
artificial intelligence, multi-
criteria decision-making
(MCDM), and GIS for
high-accuracy assessment
and prediction of urban
expansion and land-use
mapping.

Stanford University, Brown
University, and Planet
Labs: Development of
satellite- and Al-based

systems for accurate
estimation of forest carbon
stocks.

Microsoft + TealWaters:
Al-based detection of
hidden wetlands to support
ecosystem conservation,
carbon sequestration, and
sustainable land-use
planning.

Loess Plateau (China):
Integration of artificial
intelligence and multi-
criteria decision analysis
(MCDA) to develop
climate-resilient energy
policies and balance
ecological restoration with
economic development
under the SSP2-4.5 and
SSP5-8.5 scenarios.

Melbourne (Australia):
Modeling land-use
performance using machine
learning algorithms.

ForestCarbon-Net: A
hierarchical convolutional
neural network architecture
integrating Sentinel-2,
Landsat, and LiDAR data to
monitor and assess carbon
sequestration dynamics.

BIOREFOREST:
Integration of advanced
data collection, modeling,
artificial intelligence, and
participatory approaches to
support forest and orchard
restoration decision-
making.

Dual-Logic Spatial Zoning
Model (DLSZM): A hybrid
framework that translates
socio-ecological indicators
into four spatial planning
regimes: strict conservation,
managed use, development
guidance, and ecological
restoration.

Ocean Carbon
Sequestration (Canada):
Monitoring ocean health
and carbon sequestration
capacity using advanced

sensors, machine learning,
and remotely operated
vehicles (ROVs).

NetCarbon (French
startup): Al-driven
optimization of land use for
carbon sequestration,
ecosystem restoration, and
biodiversity enhancement.

Baghdad (Irag): A
geospatial—political
framework integrating
high-resolution Landsat and
Sentinel imagery to support
sustainable post-conflict
urban planning.

Agricultural carbon
assessment: Integration of
agricultural machinery and

machine learning for

estimating carbon storage in
agricultural lands using
satellite imagery and soil
data.

Taiwan Smart Forest
Management System:
Rapid assessment of forest
carbon potential and
carbon-related risks using
artificial intelligence and
remote sensing
technologies.

Land-use change and
carbon dynamics: A
machine learning—based
approach for spatial
simulation of land-use
change and assessment of
its impacts on terrestrial
carbon dynamics in rapidly
urbanizing regions.

Real-time CO- leakage
monitoring in geological
reservoirs: Performance

evaluation of KNN, SVM,
Random Forest, XGBoost,
and LightGBM algorithms.
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Figure 3. The importance of artificial intelligence in reducing greenhouse gas emissions by
optimizing transportation systems
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Table 4. Challenges and limitations of artificial intelligence in agriculture, climate, and

natural resource management

Challenge Challenge Type Description Implications
Category
Data Data Availability Lack of high-quality, standardized, and Reduced model accuracy, biased
and Quality accessible data in many regions, predictions, and limited
particularly in developing countries. generalizability to new regions.
Data Data Privacy and Concerns regarding the collection of Lower willingness among farmers and
Ownership agricultural, geospatial, and personal data, local communities to share data, along
as well as the lack of transparency in data with legal and regulatory challenges.
ownership.

Modeling | Transparency and The opaque nature of many deep learning Reduced trust among policymakers

Interpretability models (especially deep neural networks) and end users, making it more difficult
(Black Box) makes it difficult to understand the to detect errors and algorithmic bias.
reasoning behind their predictions.

Modeling | Algorithmic Bias Models trained on data from specific Worsening regional inequalities and
regions often perform poorly when applied unfair resource allocation decisions.
to regions with different environmental or

socioeconomic conditions.
Infrastruct High Energy Training and deploying large Al models A climate paradox: using energy-
ure Consumption require substantial energy consumption, intensive technologies to address
resulting in increased greenhouse gas climate change.
emissions.
Infrastruct Implementation High upfront investment is required for A widening digital divide between
ure Costs hardware infrastructure, software, developed and developing countries.
communication networks, and workforce
training.
Adoption User Acceptance Farmers, local communities, and even Lower adoption rates and
of Technology policymakers may resist adopting new underutilization of AI’s potential.
technologies due to limited awareness, lack
of trust, or insufficient technical
knowledge.
Adoption Need for Effective Al development and deployment A shortage of multidisciplinary
Interdisciplinary require close collaboration among Al experts, leading to incomplete and
Expertise experts, climate scientists, farmers, inefficient projects.
economists, and policymakers.
Policy Lack of The absence of clear regulations and ethical Greater risk of misuse, unethical
Regulatory and standards for Al applications in climate- decision-making, and increased
Ethical related domains, particularly in sensitive inequality.
Frameworks areas such as water allocation, subsidies,
and disaster management.
Research Imbalance Only 16% of Al studies focus on climate A lack of Al solutions targeting the
Focus Between change mitigation, while the majority direct reduction of greenhouse gas
Adaptation and (64.4%) concentrate on climate adaptation. emissions.
Mitigation
Geographi Regional Asia and global-scale studies account for Limited access to Al solutions in
¢ Focus Inequality approximately two-thirds of the research vulnerable and underserved regions.

literature, whereas Africa and South
America remain underrepresented.
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