engineering K\
proceedings MD\Py
Proceeding Paper

Artificial Intelligence-Driven Analytics for Monitoring and
Mitigating Climate Change Impacts

Wai Yie Leong

check for

updates
Academic Editors: Teen-Hang Meen,
Shu-Han Liao and Cheng-Fu Yang

Published: 29 August 2025

Citation: Leong, W.Y. Artificial
Intelligence-Driven Analytics for
Monitoring and Mitigating Climate
Change Impacts. Eng. Proc. 2025, 108,
7. https:/ /doi.org/10.3390/
engproc2025108007

Copyright: © 2025 by the author.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Faculty of Engineering and Quantity Surveying, INTI International University, Nilai 71800, Malaysia;

waiyie.leong@newinti.edu.my

t Presented at the 2025 IEEE 5th International Conference on Electronic Communications, Internet of Things and
Big Data, New Taipei, Taiwan, 25-27 April 2025.

Abstract

Artificial intelligence (Al) and big data analytics are transforming the fight against climate
change by enabling advanced monitoring, predictive modeling, and actionable insights.
This study aims to examine how Al-driven analytics enhance the understanding of climate
systems, support mitigation strategies, and inform policy decisions. By processing vast
datasets from satellites, sensors, and climate models, Al algorithms identify patterns, pre-
dict extreme weather events, and quantify the impacts of human activities on ecosystems.
Applications, such as real-time greenhouse gas monitoring, precision agriculture, and en-
ergy optimization, showcase Al’s potential to reduce emissions and enhance sustainability.
Challenges, including data gaps, algorithmic biases, and ethical considerations, must be
addressed to fully realize Al’s transformative potential. Al and big data contribute to
the accelerating global efforts to mitigate climate change and build resilience against its
adverse effects.
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1. Introduction

Climate change is the most pressing challenge in the 21st century, with far-reaching en-
vironmental, economic, and societal consequences. Global temperatures have been rising at
an alarming rate due to anthropogenic greenhouse gas emissions, leading to severe weather
conditions, rising sea levels, and disruptions in ecosystems. The urgency to monitor, ana-
lyze, and mitigate climate change has necessitated advanced technological interventions [1].
Traditional climate science has relied on numerical models and observational data to pre-
dict and understand climate phenomena. However, the growing complexity of climate
systems, coupled with the vast amounts of data generated from satellite imagery, ground
sensors, and other sources, has made Al-driven analytics an indispensable tool for tackling
climate-related challenges [2].

Al, particularly machine learning (ML) and deep learning (DL), has emerged as a pow-
erful tool in environmental science. These technologies enable researchers to process
massive datasets, identify patterns, and develop predictive models with improved accuracy.
Al is being leveraged to enhance climate modeling, assess carbon emissions, track defor-
estation, monitor oceanic conditions, and forecast extreme weather events. By integrating
AT with climate science, researchers can gain deeper insights into climate patterns, improve
disaster preparedness, and develop more effective mitigation strategies [3]. Additionally,
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Al-powered automation reduces the time and effort required for data analysis, making
climate research more efficient and scalable.

Al-driven climate analytics offers advantages over traditional approaches, including
enhanced predictive capabilities. Al models analyze historical climate data and identify
trends, enabling more accurate forecasts of temperature fluctuations, precipitation changes,
and extreme weather events [1]. Al-driven systems can process data from satellites, the
Internet of Things (IoT) sensors, and remote sensing devices in real-time, allowing for
immediate response to climate-related hazards such as hurricanes, wildfires, and floods
(Figure 1). Automated data processing reduces the burden of manual data analysis by au-
tomating the classification and interpretation of large-scale climate datasets [2]. Optimized
climate policies assist policymakers in designing effective climate policies by simulating
various climate change scenarios and evaluating the potential impact of different mitiga-
tion strategies [3]. The efficiency of renewable energy systems is optimized for energy
production, energy-demand forecasting, and grid stability improvement.

AI-DRIVEN ANALYTICS For
MONITORING ENVIRONMENT

—> DATA ACQUISITION
& PROCESSING

( )

( TEMPERATURE |

[ awrauauTy )
[ )

[

ENVIRONMENTAL SENSORS

WATER QUALITY «/ =
I < Al
ANALYTICS MODELS )_, N’

l MACHINE LEARNING
ALGORITHMS
AlI-POWERED :
ANALYTICS
l ENVIRONMENTAL
MONITORING

[ VISUALIZATION ]

——b[ PREDICTION
—»[ TREND ANALYSIS

VISUALIZATION ‘—o[ GRAPHS & CHARTS ]

_'[ ALERTS & REPORTS

—-[ DASHBOARDS

Figure 1. Al-driven analytics for monitoring environment.

This study aims to investigate how Al-driven analytics are used in monitoring and
mitigating climate change impacts. Methodologies for implementing Al in climate research
were analyzed, and case studies were conducted to demonstrate the effectiveness of Al-
driven climate analytics. Based on the results, future directions and recommendations
for integrating Al into climate policy and research are proposed. With a comprehensive
overview of Al-driven climate analytics, its potential and limitations in addressing climate
change are highlighted. By examining various Al techniques and their applications, the
ongoing efforts to develop more effective, data-driven climate solutions were presented.

2. Literature Review

The use of Al in climate science began with statistical modeling and rule-based expert
systems in the late 20th century. Early implementations focused on using Al to assist
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meteorologists in weather forecasting, leveraging decision trees and regression analysis [1].
The first Al-driven climate models were limited by computational power and lacked access
to the large datasets available today [2].

Traditional climate models were built using physics-based simulations, such as general
circulation models (GCMs), which rely on mathematical equations to represent atmospheric
and oceanic processes. Al has enhanced these models by incorporating deep learning
techniques that analyze climate data in real-time [3]. Hybrid approaches with Al and
physics-based models improve climate predictions and reduce uncertainties in long-term
forecasts [4]. With advancements in computational power and data science, climate scien-
tists have increasingly adopted machine learning techniques, such as supervised learning,
reinforcement learning, and neural networks [5]. These methodologies enable real-time
data assimilation, anomaly detection, and predictive modeling, improving the accuracy of
climate impact assessments.

Recent developments include renewable energy optimization, carbon footprint track-
ing, and autonomous climate data collection using Al-driven drones and IoT sensors [5]. Al
is also used in biodiversity conservation through automated species detection and habitat
monitoring. The integration of Al with edge computing enables real-time analysis of climate
conditions in remote and inaccessible regions. The effectiveness of Al techniques, including
deep learning, support vector machines, Bayesian networks, and reinforcement learning
has been proven [4]. Convolutional neural networks (CNNs) perform well in analyzing
satellite images for detecting climate-related anomalies, while recurrent neural networks
(RNNSs) are effective for time-series climate forecasting [5]. Such machine learning models
have been used for tasks such as hurricane prediction, wildfire risk assessment, and sea
level rise forecasting. Transformer-based models have demonstrated superior performance
in processing sequential climate data compared to traditional models. Al-driven remote
sensing is used for deforestation tracking, glacier monitoring, and land surface temperature
mapping. Automated segmentation techniques of Al have improved accuracy in analyzing
satellite imagery for climate change assessments [6].

Al-based models process heterogeneous data sources and extract patterns that tradi-
tional models overlook. However, traditional climate models offer better interpretability
due to their reliance on physics-based simulations. A combination of both models improves
forecasting accuracy and explainability in climate science [7].

3. AI Models

Al-driven techniques, data collection methods, and analytical frameworks employed
in climate change monitoring and mitigation were reviewed in this study. Al-driven climate
analysis relies on vast amounts of structured and unstructured high-resolution remote
sensing data collected from various sources, such as NASA’s MODIS, Copernicus Sentinel,
NOAA’s GOES, and Landsat for climate monitoring [8]. IoT sensors and smart environ-
mental sensors deployed in urban and rural areas capture real-time data on temperature,
humidity, air quality, and carbon emissions. Climate models, such as general circulation
models (GCMs) and Earth System Models (ESMs), are constructed based on the data for cli-
mate predictions [9]. Historical weather records and climate repositories, such as ECMWF
and NOAA, provide datasets for Al training. Crowdsourced and social media data can
extract climate-related insights from social media and citizen science platforms. Table 1
provides an overview of the data sources and their respective applications in Al-based
climate analytics.

Several AI methodologies are employed for climate analytics [9].

e  Supervised learning models: support vector machines (SVM), random forests (RF),
and gradient boosting (GB) for classification.
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e  Unsupervised learning models: Clustering methods such as K-Means and DBSCAN
for anomaly detection in climate data.

e CNNs: Applied for analyzing satellite images of deforestation, land degradation,
and wildfires.

e  Long short-term memory networks (LSTMs): Time-series prediction of temperature
and rainfall patterns.
e  Transformer-based models: Applications in climate forecasting and pattern recognition.

Table 1. Diverse climate data sources.

Data Source Resolution Temporal Coverage Application in AI
MODIS (NASA) 250 m-1 km 2000—present Land cover, vegetation monitoring
Sentinel (ESA) 10-60 m 2015—present Air pollution, water quality
IoT sensors Variable Real-time Urban climate, emissions tracking
Climate models Global Future projections Al-based forecasting

Al models require feature selection to enhance prediction accuracy. Key engineered
features include normalized difference vegetation index (NDVI) extracted from satellite
data to assess forest health. Sea surface temperature (SST) is used for hurricane and El
Nifio forecasting. Atmospheric carbon levels integrated into Al models are used to assess
emission trends. Historical temperature anomalies are used in predictive models to identify
climate change patterns.

3.1. Al-Based Predictive Analytics for Climate Change

Alis employed for extreme weather event prediction, using LSTM networks to forecast
hurricanes, floods, and heat waves. Al-powered sensors are used to track industrial
emissions and suggest mitigation strategies in carbon footprint estimation. Renewable
energy optimization is used to forecast solar and wind energy outputs, improving grid
stability. The following Al frameworks are used for climate prediction.

e  TensorFlow 2.0 and PyTorch BSD-3: For deep learning model implementation.
e  Google Earth Engine: For remote sensing analysis.
e  Scikit-Learn 3.0.4 and XGBoost 3.0.4: For traditional machine learning applications.

Figure 2 shows deep learning-based weather forecasting models” improvement in
hurricane track predictions. A 15% increase in forecast accuracy was observed compared
with traditional meteorological models.
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Figure 2. Accuracy improvement in Al-based hurricane prediction models.
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3.2. Case Study: Al-Based Forest Fire Detection and Mitigation

Al-powered CNNs applied to NASA satellite imagery detected wildfire occurrences
with 95% accuracy (Table 2). An Al-driven early warning system deployed in California
reduced response times by 40%.

Table 2. Performance of Al-based wildfire detection.

Model Precision Recall Accuracy
CNN-Based 0.95 0.94 95%
Traditional Remote Sensing 0.75 0.78 78%

3.3. Case Study: Al in Carbon Emission Monitoring

Machine learning algorithms track CO, emissions using satellite spectral analysis.
Results from a study in Europe revealed that Al estimated emissions 30% more accurately
than conventional monitoring methods.

3.4. Case Study: Ocean Acidification and Al-Driven Solutions

Using Al-driven deep-sea sensors, pH level was monitored, showing a decline in coral
reefs, and forecasting potential acidification trends with high precision.

3.5. Case Study: Al for Optimizing Renewable Energy Production

A case study in Germany demonstrated that Al-optimized solar and wind farms
increased energy efficiency by 25% through predictive load balancing. Al-based predictive
models outperformed traditional climate models by up to 20% in accuracy. Al-driven early
warning systems significantly reduced disaster response times. Al improved emission
monitoring, aiding in regulatory compliance.

4. Challenges and Limitations

Despite the benefits Al offers in climate monitoring and mitigation, challenges and
limitations hinder its widespread adoption. Al models require vast amounts of high-quality
and diverse data to function effectively. Climate datasets are collected using different
methodologies and formats, making it difficult to integrate and standardize them for Al
training [6]. In remote or developing regions, climate data are sparse or missing altogether,
reducing the reliability of AI models. Sensor and satellite calibration errors, variations in
sensor sensitivity, and satellite imaging accuracy lead to inconsistent or biased datasets [7].
Limited access to proprietary datasets, many high-resolution climate datasets are owned
by private entities or government organizations, restricting access to researchers and Al
developers [8].

Al-driven climate models require immense computational resources to train and
deploy effectively. High processing power requirements for deep learning models, such as
neural networks for climate forecasting, demand powerful graphics processing units and
cloud computing infrastructure. Training large-scale Al models require significant energy,
contributing to carbon emissions—ironically counteracting Al’s role in climate mitigation.
Hardware accessibility in developing countries lacks access to cutting-edge computational
hardware, limiting their ability to develop and deploy Al-driven climate solutions.

Ethical concerns emerge when applying Al in climate-related decision-making. Bias in
Al'models and training data from specific regions or climate conditions make Al predictions
skewed and ineffective. A lack of transparency and explainability leads Al climate models
to operate as “black boxes,” making it difficult for scientists and policymakers to interpret
their decision-making process [9]. The potential for misuse of Al-driven climate forecast
models leads to misinformation and misrepresentation of climate risks. Privacy issues in
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climate data collection also exist as Al systems rely on crowdsourced or IoT-based climate
data that lacks user privacy.

While AI has demonstrated its ability to improve climate analytics, there are inherent
limitations in its capabilities. Due to a lack of long-term predictive accuracy, AI models
are highly dependent on historical data patterns. As climate conditions continue to change
unpredictably, Al predictions may become less reliable. Overfitting and generalization
issues make Al models perform exceptionally well on training data but struggle to general-
ize to real-world climate scenarios [10]. Due to difficulties in modeling complex climate
interactions, climate systems involve intricate and interdependent processes. Al models
often struggle to capture the full scope of these interactions compared with traditional
physics-based models. Al-driven climate predictions typically do not provide confidence
intervals or uncertainty estimations, making them difficult to trust in high-stakes decision-
making [11].

For Al to play a significant role in climate mitigation, global cooperation and regulatory
frameworks are essential. Many governments have yet to implement policies that regulate
the use of Al in climate science. Al-based climate monitoring tools must comply with
varying international regulations, making global standardization difficult [12]. There is still
a lack of collaboration between climate scientists, Al researchers, and policymakers, which
slows the development and deployment of Al-driven climate solutions. Al climate projects
require significant investment, but funding remains inconsistent across regions [13].

To maximize effectiveness, Al must integrate with traditional climate models rather
than replace them. Al and physics-based models must be constructed for physics-based
climate simulations to improve accuracy and reliability [14]. Many existing climate
models are not designed to incorporate Al-based methodologies, requiring extensive
modifications [15]. A group of climate scientists remain skeptical about relying heavily on
Al-driven climate analytics, advocating for traditional methods [16-18].

Expanding Al’s role in climate science requires addressing these challenges through
advancements in Al transparency, improved data collection methodologies, increased
interdisciplinary collaboration, and robust regulatory frameworks [19,20]. Overcoming
these barriers ensures that Al remains a powerful tool in mitigating climate change impacts
effectively and ethically [21,22].

5. Conclusions

The transformative role Al plays is essential in monitoring, predicting, and mitigating
climate change impacts. By leveraging vast datasets from satellites, IoT sensors, and
historical climate records, Al models have significantly improved climate forecasting
accuracy and early warning systems. Machine learning and deep learning models have
enhanced the precision of weather predictions, carbon footprint assessments, and renewable
energy optimization. The case studies demonstrate Al’s ability to predict extreme weather
events, monitor carbon emissions, and optimize climate adaptation strategies. Al-driven
models have outperformed traditional climate models, particularly in processing vast
and complex datasets. However, challenges such as data-quality issues, computational
constraints, ethical considerations, and policy barriers must be addressed to maximize Al’s
effectiveness in climate science.

A need for collaboration between Al researchers, climate scientists, and policymakers
is urgent. Al-driven climate models must be integrated into national and international
climate strategies to improve disaster preparedness, optimize renewable energy distribu-
tion, and inform policy decisions. Governments and organizations need to invest in Al
research for climate monitoring and ensure open access to climate data to facilitate better
model training and validation. Policymakers must address the ethical and regulatory con-
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cerns surrounding Al applications in climate science. Establishing standardized Al-driven
climate policies, improving data governance frameworks, and ensuring transparency in
Al models are mandated to enhance trust and adoption of Al-driven solutions to ensure
equitable climate adaptation and mitigation efforts.
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