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Abstract: This study provides a systematic review of carbon footprint prediction models,
examining methodological developments, existing challenges, and future research
directions. As a crucial tool for climate change mitigation and sustainable environmental
management, carbon emission prediction has attracted growing academic attention. A
comprehensive literature search was conducted in leading databases, including Scopus,
Web of Science, and Google Scholar, focusing on peer-reviewed articles from 2018 to
2024. The review covers a wide range of modeling approaches, such as process-based,
input-output, hybrid, grey system, and Al-based models. Although significant progress
has been made, issues concerning data quality, model complexity, scalability, and
transparency persist. The study also highlights emerging technologies, including Al, big
data, IoT, and blockchain, which enhance prediction accuracy and adaptability.
Furthermore, it underscores the importance of standardized methods, Explainable Al
(XAI), and flexible modeling frameworks for future research. Overall, this review offers
valuable insights to inform future studies and policymaking in carbon footprint prediction
and climate action.

Keyword: carbon footprint prediction, method, machine learning, sustainability, future

directions

INTRODUCTION West India (Kaur, 2024), clinical
laboratories (Ni et al., 2018), and urban

In recent years, there has been
increasing  attention to developing
complex models that estimate carbon
footprints across various sectors. These
models are essential for understanding
and mitigating the impact of human
activities on the environment. This aligns
with the ontological statement that the use
of machine learning, deep learning, and
time series analysis (Yunis et al., 2024) to
produce more accurate predictions
efficiently. ~ Adopting  these  new
methodologies allows us to understand
the emission fluctuations from human
activities and develop more effective
strategies  for  mitigating  adverse
environmental impacts.

Modelling across various industries
and sectors has advanced considerably.
For example, carbon footprint predictions
have been applied in the thermal power
generation industry in Zhejiang Province,
China (Zhang, 2023), the energy sector in
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buildings in Malaysia (Gardezi & Shafiq,
2019). These models have been helpful
for estimating current carbon footprints
and play a vital role in formulating future
carbon reduction strategies.

Currently, more comprehensive
techniques based on machine learning and
artificial intelligence have revolutionized
carbon footprint predictions. Several
studies have employed neural networks
(Acheampong & Boateng, 2019), random
forest (Nguyen et al., 2021), and gradient-
boosting regression (Cai et al., 2020) to
enhance accuracy. These approaches
facilitate the handling of complex datasets
and generally improve the reliability of
carbon footprint forecasting. Additionally,
the combination of Data Envelopment
Analysis with multivariate statistics
allows for in-depth analysis of energy
optimization strategies and carbon
footprint reduction.

The integration of  these
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methodologies helps researchers identify
inefficiencies in energy usage and design
interventions to  minimize  carbon
emissions effectively. Moreover,
innovations such as grey Verhulst (Tong
et al., 2021), grey Riccati (Gao et al.,
2021), and grey Bernoulli (Wang &
Wang, 2023) provide specific methods for
forecasting carbon footprints. By applying
grey system theory, these models address
uncertainties and data  fluctuations,
enhancing prediction resilience.

Despite significant advancements
in carbon footprint prediction models,
there remains a lack of universally
reliable, scalable, and adaptable models.
These models must account for diverse
industries and effectively manage data
uncertainty. However, the absence of such
comprehensive  models  limits  the
effectiveness of carbon  reduction
strategies. Therefore, further refinement is
crucial to enhance their role in mitigating
environmental impacts. Addressing this
issue is vital for the success of future
climate change initiatives, despite the
challenges that persist.

To address the complexity and
evolving nature of carbon footprint
prediction models, this study seeks to
explore several key research questions
(RQs) that are critical for advancing the
field.

RQ1: How can Al and big data
integration improve the accuracy of
carbon footprint predictions, and what
challenges hinder the development of
transparent and reliable models? This
question is essential in understanding the
role of emerging technologies in
enhancing predictive capabilities while
also addressing concerns related to model
interpretability and data quality.

RQ2: How can hybrid models,
combining process-based and input-
output approaches, provide
comprehensive insights for mitigating
carbon footprints across sectors? This
question aims to examine the potential of
integrated modeling approaches to deliver
more holistic and actionable carbon
footprint assessments applicable to

various industries and contexts.

RQ3: What are the key research
gaps in carbon footprint modeling across
sectors, and how can interdisciplinary
approaches address these challenges? This
question highlights the need to identify
unresolved issues in the current modeling
landscape and emphasizes the importance
of cross-disciplinary collaboration to
develop more robust, adaptable, and
policy-relevant models. By addressing
these research questions, this review aims
to synthesize current advancements,
challenges, and future directions in carbon
footprint modeling, providing valuable
insights for researchers, practitioners, and
policymakers engaged in climate change
mitigation efforts.

METHODOLOGY

Figure 1 outlines the methodology
used for the review process.

Literature Search Strategy

A systematic literature search was
conducted using databases such as
Scopus, Web of Science, and Google
Scholar, along with journals like
Environmental Science and Pollution
Research, Journal of Cleaner Production,
and International Journal of
Environmental Research and Public
Health. Keywords included '"carbon
footprint," "greenhouse gas emissions,"
"CO;, prediction," "machine learning,"
and "time series."
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Figure 1 Literature Review
Methodology
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Inclusion and Exclusion Criteria

Inclusion criteria required studies
to (1) explicitly focus on carbon footprint
prediction models, (2) utilize data-driven
modeling techniques, (3) be published in
reputable journals, and (4) be peer-
reviewed articles published between 2019
and 2024. The exclusion criteria include:
(1) studies unrelated to carbon emission
prediction, (2) studies lacking sufficient
methodological details, and (3) non-peer-
reviewed or unverified articles.

Data Extraction and Analysis

The researchers conducted a
systematic data extraction and analysis to
examine recent developments in carbon
emission  prediction.  This  process
included collecting information on
various prediction models, greenhouse
gas emissions, and supporting
technological innovations. The analysis
involved comparative assessments of
models, visualization methods, and
bibliometric  techniques to uncover
emerging trends and patterns in carbon
emission prediction research.

RESULT AND DISCUSSION

Data Review and Keywords

Figure 2 presents a word cloud
illustrating the most frequent terms in the
abstracts of the reviewed studies. The
results indicate that most studies utilized
diverse models and analytical techniques
to predict and reduce carbon emissions.
This review primarily focuses on the

models applied for carbon emission
analysis.
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Figure 2 Carbon Emission Word
Cloud

Figure 3 shows the number of

studies selected for this review, totaling
188 journal articles identified through the
defined keywords. The highest number of
publications on carbon emission models
appeared in 2021 (24.3%), followed by
2023 (22.2%).

Publication Counts by Year (2019-2024)
46 (24.3%)

42 (22.2%)

. 33 (17.5%)
32 (16.9%) 31 (16.4%) —_—

Figure 3 Number of Publications per
Year

Numerous publications address
environmental and sustainability issues,
with carbon emission prediction emerging
as the most frequently discussed topic
(Table 1). This highlights the growing
research interest in carbon emission
prediction across a wide range of journals.
The query used for the research in the
Scopus database is as follows:

(TITLE-ABS-KEY ("carbon
emission prediction") AND PUBYEAR >
2018 AND PUBYEAR < 2025 AND
SRCTITLE ("Name Journal"))

Table 1 Carbon Emission Prediction
Journals

Publisher Journals
Elsevier Journal of Cleaner
Ltd Production
Renewable and
Sustainable Energy
Reviews
Energy
Elsevier Science of the Total
B.V. Environment
Energy Economics
Neurocomputing
Springer Environmental Science
Nature and Pollution Research
IEEE IEEE Access
Springer International Journal of
Berlin Environmental Science
Heidelberg | and Technology

8953



Journal of Science and Social Research
Oct 2026, IX (5): 8151 — 8162

ISSN 2615 — 4307 (Print)
ISSN 2615 — 3262 (Online)

Available online at http://jurnal.goretanpena.com/index.php/JSSR

Historical Review of Carbon Emission
Models

Early carbon emission models
primarily relied on basic calculations and
simple emission factors to estimate direct
and indirect greenhouse gas emissions.
Developed in response to increasing
environmental awareness, these models
laid the foundation for the advancement
of more  sophisticated  modeling
approaches (Akyol & Ugar, 2021)(Lim et
al., 2023). As technology advanced,
carbon emission models evolved by
integrating new algorithms, data-driven
approaches, machine learning models, and
convolutional neural networks.
Incorporating these approaches enhanced
the accuracy and resilience of the models
(Ploszaj-Mazurek et al., 2020)(Li & Sun,
2021)(Bussaban et al.,
2023)(Thilakarathna et al.,
2020)(Geevaretnam et al., 2022).

The comparison between early and
modern models shows a significant
increase in complexity and accuracy.
Modern models provide more detailed
insights to support better environmental
decision-making and policies (Hans et al.,
2023)(Norton et al., 2023). Overall, the
development of carbon emission models
reflects a substantial transformation
driven by technological innovations and a
deeper scientific understanding of climate
change.

rend of Research Carban Footprint Sectors [2020-2024)

14444
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Figure 4 Carbon Emission Sector
Trends

The sector analysis of carbon
emissions in Figure 4 indicates that most
of the selected studies focused on the
environmental sector, representing 47.5%
of the sample.

Categories of Carbon Emission Models

The following section describes
several categories of carbon emission
models.

1.  Process-Based Models: Process-
based models estimate carbon
emissions by examining specific

activities or processes that generate
greenhouse gas emissions. With the
integration  of  real-time  data
monitoring and advanced simulation
techniques, these models have
become more accurate. Machine
learning and parametric design are
also applied, particularly in building
sector models, to optimize carbon
emissions and ensure precise
calculations across the product
lifecycle (Ploszaj-Mazurek et al.,
2020). Similarly, they highlight
carbon emissions in industries and
stress the importance of
comprehensive  governance  and
industry restructuring to achieve low-
carbon  transformation  (Zhang,
2023). Integrating real-time data
monitoring enhances these models’
predictive capabilities (Lim et al.,
2023). CO; emissions using machine
learning also illustrate how these
models can forecast future emissions
based on historical data (Meng &
Noman, 2022). The evolution of
process-based models, characterized
by the integration of real-time data
and the latest simulation techniques,
provides valuable insights into
carbon emissions at various stages.
These models improve the accuracy
of emission calculations and
facilitate  the development of
strategies for carbon emission
reduction.

2. Input — Output Models: Input-output
models play a crucial role in
analyzing intersectoral linkages,
particularly in estimating carbon
emissions. For example, this model
has been applied to a city-centric
global multiregional input-output
model, allowing for a more in-depth
evaluation of urban carbon emissions
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(Han et al., 2022). The use of big
data analytics in input-output models
enables more dynamic emission
assessments, especially in the context
of rapidly changing economic
conditions and consumption patterns.
Additionally, the use of open data
and machine learning to refine
predictions aligns with trends about
utilizing  better computational
techniques to enhance the accuracy
of carbon emission evaluations (Li &
Sun, 2021). Thus, advances in input-
output models are marked by the
integration of big data, machine
learning, and more accurate emission
factors, significantly improving the
accuracy of carbon emission
evaluations.

3. Hybrid Models: Hybrid models
combine process-based and input-
output approaches to provide a
comprehensive view of carbon
emissions. These models leverage
the strengths of both methods to
improve accuracy and capture
emission details across various
sectors (Jankovi¢ et al., 2021)(Wen
& Yuan, 2020). Hybrid models

combine various modeling
approaches to provide a
comprehensive  understanding  of
carbon emissions and potential
mitigation strategies. Recent
innovations, such as the
incorporation of artificial
intelligence, convolutional neural

networks (CNN), and parametric
design, have enhanced the predictive
power and scalability of these
models, making them essential tools
in carbon emission management
(Meng & Noman, 2022)(Sun & Ren,
2021).

4. Recent Models: New approaches,
such as Al-based methods for carbon
emissions modelling, are
revolutionizing  the  field by
enhancing prediction accuracy and
efficiency. The use of machine
learning to predict CO2 emissions
highlights AI’s role in guiding

decision-making processes toward
achieving net-zero carbon emissions
(Bolon-Canedo et al., 2024). These
innovative approaches leverage new
technologies to handle complex
datasets and improve the predictive

capabilities of carbon emissions
models.
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Figure 5 Network Visualization

Figure 5 exhibits the Network
Visualization generated from VOSviewer,
indicating that research on prediction in
the field of climate change is structured
around three interconnected clusters,
namely  methodological  approaches
emphasizing prediction models and
accuracy metrics (red cluster), conceptual
and technological foundations of artificial
intelligence and methodological
development  (blue  cluster), and
application-oriented studies focusing on
climate-related  variables such as
temperature and rainfall (green cluster),
thereby highlighting the integration of
machine learning techniques  with
environmental data to enhance predictive
accuracy and practical relevance.

Figure 6 Co-Occurrence Visualization
Based on Keywords

Figure 6 mapping shows that
research on climate change prediction
centers on key themes such as climate
modeling, machine learning, CO;
emissions, and remote sensing. A notable
finding is the strong interconnection
between machine learning and climate
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modeling, highlighting their increasing
integration over time. The color transition
from blue to yellow indicates that topics
like machine learning and deep learning
have gained significant momentum in
recent years, signaling a shift toward data-
driven = methodologies in  climate
forecasting. This evolution is consistent
with the advancement of hybrid models
designed to improve computational
efficiency, minimize uncertainty, and
enhance the accuracy of predictions
related to temperature, precipitation, and
extreme weather phenomena. In addition,
the central positioning of CO. emissions
emphasizes its importance as a critical
forcing factor in climate projections,
frequently employed in  emission
scenarios to model potential future

outcomes under various mitigation
strategies.
Recent  Innovations in  Carbon

Emissions Models

Recent innovations in carbon
emissions models are driven by the
application of the following latest
technologies and techniques:

1. Al and Machine Learning in Carbon
Emissions Models: Al and machine
learning have greatly advanced
carbon emissions modeling, leading
to more accurate predictions and
analyses. As shown in Figure 7, there
is a clear upward trend in the use of
machine learning algorithms for
carbon emissions prediction. This
growth is likely due to machine
learning and deep learning’s capacity
to efficiently process large datasets
and identify patterns that traditional
models may miss. Moreover,
machine learning has demonstrated
high accuracy in carbon emissions
prediction (Meng & Noman,
2022)(Nguyen et al., 2021).
Additionally, Al advances for carbon
emissions modelling have improved
predictive power overall, supporting
better decision-making (C. Y. Chen
et al., 2021)(Ayman Naji Khallaf,
2024).
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Trend of Carbon Feotprint Models (2020-2024)

Figure 7 Trends in Carbon Emission
Models

Big Data and IoT: Big data analytics
and IoT have revolutionized carbon
emissions modelling by enabling
real-time  processing of large
datasets. The model discussed in
(Luo et al.,, 2024) leverages open
data and machine learning to predict
CO, emissions, demonstrating the
strength of data-driven approaches in
understanding and managing carbon
emissions. Moreover, integrating [oT
devices for data collection and
analysis further enhances the level of
detail and accuracy in carbon
emissions assessments (Pirson &
Bol, 2021)(Fang et al., 2024).
Geospatial and Remote Sensing
Techniques: ~ Advancements  in
geospatial analysis and remote
sensing have opened  new
opportunities for assessing carbon
emissions at a spatial scale. Research
(Li & Sun, 2021) showed that easily
accessible statistical records and
geospatial data in urban areas can
accurately predict CO, emissions at
the city level with the help of
machine learning or deep learning
algorithms.

Challenges and Opportunities: The
use of technology in carbon
emissions modeling presents both
challenges and opportunities. One
key challenge is the need for
expertise in data science and
environmental science to manage the

complexity of these models.
Moreover, without ensuring
accuracy, reliability, and data

security, integrating Al-driven big
data into carbon emissions modeling
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becomes even more difficult. The
need to maintain and update
technological infrastructure further

predictive accuracy. Equally important,
real-time monitoring supported by IoT
facilitates proactive emission reduction

adds to the complexity of and adaptive management. Taken

implementation. together, these advances open new

pathways for accurate forecasting,

Despite  persistent  challenges, continuous monitoring, and effective
carbon footprint modelling presents climate change mitigation.

significant opportunities for innovation
and progress. The integration of Al,
machine learning, and big data enables
the development of sophisticated models
that capture complex interrelationships

Research Gaps in Carbon Footprint
Prediction Across Sectors

Table 2 shows recent studies
discussing carbon emissions prediction.

among variables,

thereby

improving

Table 2 Summary of Research in Carbon Footprint Prediction Models

Ref. Model | Metric Sector Research Findings
s
(Zhang, 2023) | GBDT | R2: 0.9944 Energy | Time series data link
Meta | MAPE: economic growth to
Learne | 0.0047 carbon emissions, with
r power generation as a
(Akyol & SMOr | MSE: 79.0241 Energy | major contributor.
Ugar, 2021) eg MAPE: 1.888
(Lim et al., MLP MSE: 5304890 Energy
2023) MAPE: 1.2314
(Ptoszaj- CNN | EE: 1.6% Environ | Enhanced process
Mazurek et ment representation,
al., 2020) machine learning, deep
(Geevaretnam | SVM | MAE: 65.7254 Environ | learning like TCN, and
et al., 2022) RSME: ment multivariate prediction
112.2196 improve CO: accuracy
MAPE: 0.2279% and capture carbon
(Norton etal., | DALE | R:0.78 Environ | sensitivity.
2023) C- RMSE: 2.5 gCm’ ment
Knorr | d’!
(Meng & SARI | MAPE: 32%, 28%, | Environ
Noman, 2022) | MAX | 19%, 9% ment
(Chiu et al., MGP | MAPE: 1.87 Environ
2020) M ment
(J. Chenetal., | TCN MAE: 2.43 Environ
2024) RSME: 3.31 ment
MAPE: 8.8%
(C.Y.Chenet | LSTM | RMSE: 0.1633 Environ
al., 2021) MAPE: 16.35% ment
R2:0.963
(Hans et al., SVR MAE: 129.41 Educatio | Carbon emissions
2023) RSME: 158.03 n analysis of educational
R2:0.98 institution operations.
MAPE: 15.83
(Hidayat, LR R2:0.775 Educatio
2024) n
(Gao et al., FGRM | MAPE: 0.80% Urban Bernoulli, Riccati,
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2021) R2: 0.8284

Grey Rolling, and
geospatial models

(Wang & NFOG | MAPE: 1.25%
Wang, 2023) | BM

MRSPE: 0.88%
CMRPE: 0.95%

Urban surpass traditional
methods in predicting
CO: emissions.

(Li & Sun, XGBo | R2:0.98
2021) ost RSME: 0.8%
MAE: 0.7%

Urban

(W. Zhou et NGRP | MAE: 144.14

Urban

Forest | R2:0.91

al., 2021) M RSME: 169.48

MAPE:

1.69%
(Margal et al., | Rando | MAE: 6.87 Agrofor | Random Forest models
2021) m RMSE: 8.56 estry show strong potential

for predicting soil
carbon stocks.

Despite technological
advancements, carbon emissions
modeling still faces significant gaps.
Limited cross-sectoral and regional
studies  hinder a  comprehensive
understanding of carbon impacts. Further
research is needed to enhance the
scalability of Al models and to develop
Explainable AI (XAI) for transparent and
adaptive carbon emissions predictions.

Challenges and Iterations in Carbon
Emissions Modelling

Carbon emissions modeling
encompasses complex environmental,
economic, and social dimensions. Despite
technological progress, issues of data
quality, uncertainty, and model stability
continue to hinder prediction accuracy.

This section outlines key challenges in

model development and highlights the

need for continuous research to improve
predictive performance.

1. Data Quality and Availability: One
of the primary challenges in carbon
emissions modelling is the lack of
quality, availability, and reliability of
data. Complexities arise from
emission data that do not meet
statistical assumptions, leading to
uncertainties in modelling outcomes
(Chiu et al., 2020)(Akyol & Ugar,
2021). Meanwhile, data reliability
heavily depends on the accuracy and
completeness of the datasets used,
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presenting a significant challenge in
ensuring the accuracy of carbon
emissions predictions.

Model Complexity and Uncertainty:
Another significant challenge is
related to the complexity and
uncertainty of  various carbon
emissions models. The uncertainty in
predicting carbon emissions stems
from the dynamic nature of the
carbon cycle and the limitations of
current modelling approaches (Spring
et al, 2021). High ecosystem
complexity, coupled with a lack of
comprehensive data for
parameterization (Wilkes et al.,
2020)(C. Zhou et al., 2024) hinders
the development of generic and
accurate models for carbon emissions
prediction. This challenge
underscores the importance of
developing better methodologies to
address uncertainty effectively.
Scalability and Adaptability:
Scalability and adaptability are also
challenges that require attention in
carbon emissions modelling. Carbon
emissions predictions highlight the
need for models that can be
accelerated for broader
environmental assessments (Bolon-
Canedo et al., 2024)(Mosso et al.,
2024). Ensuring that models can
adapt to various sectors, regions, and
scenarios is crucial for enhancing
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their usability and effectiveness in

supporting decision-making
processes  related to  carbon
management and mitigation
strategies.

Future Directions in Carbon Emissions

Modelling
The review of previous studies

highlights several recommendations to

address existing gaps and outlines
potential directions for future research:

1. Establishing  Standard  Methods:
Developing standard methods for
data collection, processing, and
analysis to optimize accuracy in
carbon emissions calculations.

2. Interdisciplinary Research. Initiating
interdisciplinary research that
connects environmental impacts with

carbon emissions and explores
synergies for sustainability
initiatives.

3. Decentralizing Carbon Emissions
Modelling: Testing the scalability of
Al models across various sectors and
regions to ensure their applicability
can be adapted to different contexts.

4.  Developing XAl Models for Dynamic
Carbon  Emissions  Prediction:
Advancing Al model interpretability
and transparency to ensure that users
and policymakers can understand the
rationale behind predictions.
Emphasis should be placed on
explanation and adaptability to
dynamic data changes, rather than
focusing solely on accuracy or cross-
sector applications.

5. Developing  New  Technologies:
Utilizing other innovative
technologies such as blockchain and
remote sensing to expand timely
monitoring and tracking of carbon
emissions.

Future research can accelerate
advancements in carbon emissions
modelling by promoting sustainability
and supporting international efforts to
combat climate change effectively, as
agreed upon in the Paris Agreement.

CONCLUSION

This systematic review of carbon
emissions models highlights several key
findings. First, the integration of Al and
machine learning has greatly enhanced
prediction accuracy. Nevertheless, data
quality and availability remain major
challenges that impact the reliability of
model outcomes. The complexity and
inherent uncertainties of existing models
also emphasize the need for improved
methodologies to address these issues.
Strengthening  collaboration =~ among
academia, industry, and government is
crucial to advancing carbon emissions
models and supporting sustainability
efforts. In addition, this review highlights
the importance of hybrid models, which
combine process-based and input-output
approaches, in providing comprehensive
insights for carbon emissions mitigation
across sectors.

Advancements in carbon emissions
modeling hold significant implications for
global climate change mitigation. An
interdisciplinary approach that integrates
environmental science, economics, and
data science can lead to the development
of more robust and accurate models to
support  informed  decision-making.
Incorporating emerging technologies such
as Explainable Al (XAI), quantum
computing, and blockchain offers the
potential to enhance model accuracy,
transparency, and interpretability.
Supporting this research direction and
continuously improving carbon emissions
models can greatly advance sustainable
practices and environmental awareness.
Ultimately, ongoing innovation and a
commitment to sustainability will enable
carbon emissions modeling to play a
leading role in addressing climate change
and securing a healthier future for coming
generations.
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