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ABSTRACT

CO2 emission prediction is crucial for environmental policy and climate change mitigation. This review explores time
series analysis and metaheuristic optimization in CO2 forecasting, summarizing research findings and methodological
insights. Time series analysis uncovers past patterns and future trends, while metaheuristic methods such as genetic
algorithms optimize forecasting accuracy. Challenges include data quality, model complexity, and computational
demands. Advanced machine learning has the potential to make CO2 forecasting more accurate and efficient.
Composite models that combine approaches show promise, alongside real-time data integration and advanced
machine learning. Future research should prioritize comprehensive databases and interdisciplinary collaboration to
refine models. Improvements in forecasting can aid policy decisions and climate-change mitigation, highlighting the
growing need for accurate CO2 predictions and advanced analytical techniques.
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1. INTRODUCTION

1.1 CO2 Forecasting’s Role in Sustainability

Effective CO2 emissions forecasting addresses contempo-
rary environmental challenges and supports sustainable de-
velopment. As CO2 is the primary greenhouse gas, effective
management and reduction strategies are crucial in the fight
against global warming and climate change. This paper un-
derscores the importance of CO2 emissions forecasting and
explores its environmental, policy, and economic implica-
tions. It also examines how time series analysis and meta-
heuristic optimization can improve the predictability of CO2
emissions [1].

1.2 Importance of Forecasting CO2 Emissions

Forecasting CO2 emissions plays a central role at every level,
from policy to practical action against climate change. Emis-
sion projections provide valuable information for decision-
making and for evaluating efforts to mitigate adverse envi-
ronmental effects. They assist governments and legislators

in implementing measures to restrain emissions and launch
reduction initiatives. From an economic standpoint, emis-
sion projections help estimate the costs associated with car-
bonization, emissions pricing, and trading. They also help
manage carbon markets and encourage corporations to adopt
sustainable practices, influencing environmental stewardship,
economic structures, and international competitiveness [2, 3].

At the global level, forecasts inform emissions targets under
agreements such as the Paris Agreement. They help moni-
tor progress toward reduction goals and support coordinated
action. Forecasts also raise awareness of climate change by
providing quantitative evidence of its consequences, which
can encourage emission-reduction behavior at individual, or-
ganizational, and national levels. Accurate forecasting there-
fore supports decision-making, clean-technology develop-
ment, and climate-change solutions. Credible forecasts are
indispensable for understanding environmental sustainability
prospects and creating a favorable future for people and the
planet [7, 8, 2].
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Table 1. Importance of CO2 emissions forecasting across environmental, policy, and economic dimensions.

Aspect Description

Environmental impact CO2 is an effective greenhouse gas and a significant contributor to climate change. Anticipating
emission trends provides insights that support early mitigation measures. Understanding future
emission patterns helps identify problems and facilitate preventive actions, such as
carbon-constrained policies and sustainable solutions [4].

Policy formulation Authorities can use scientific data to establish realistic goals and actions to reduce emissions.
Civil authorities and intergovernmental organizations use forecasts to determine achievable
reduction targets under international climate agreements such as the Paris Agreement. Accurate
data helps balance sustainable-development objectives with economic development and
environmental conservation [5].

Economic planning Forecasting CO2 emissions helps anticipate the costs of environmental remedies and adjustments.
Companies, sectors, and governments can plan for regulatory changes that encourage cleaner
technologies and economic growth in a carbon-constrained world. Predictions also help assess the
costs of climate damage and provide economic motivation for climate action [6].

Table 1 highlights the importance of CO2 emissions forecast-
ing across environmental, policy, and economic dimensions.
It summarizes the strategies forecasts can inform, the poli-
cies they can influence, and their potential economic impact
in efforts to address climate change and support sustainable
development.

1.3 Time Series Analysis and Metaheuristic Optimization
25 Years After Their Application

Figure 1 illustrates the use of time series analysis and meta-
heuristic optimization in CO2 emissions forecasting, along-
side examples of power generation and renewable energy.
Over the last quarter century, time series analysis and meta-
heuristic optimization have significantly influenced many
branches of science and engineering. Their applications have
changed with advances in computational technology and data

availability.

1.3.1 Time Series Analysis

1. Development of advanced models: Modern techniques
extend classical models such as ARIMA and GARCH with
machine-learning approaches, including LSTM and GRU
networks, to address nonlinearities and complex temporal
patterns.

2. Increased computational power: Advances in comput-
ing enable the analysis of large time-series datasets and
more accurate forecasts at shorter time intervals.

3. Applications in diverse fields: Time series methods are
used in finance for stock-price forecasting, meteorology
for weather prediction, economics for GDP-growth analy-
sis, and health for epidemic-outbreak prediction [9].

Figure 1. Time series analysis and metaheuristic optimization in forecasting emissions.
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1.3.2 Current Trends

1. Integration with big data: Combining time-series analy-
sis with big-data technologies enables real-time analysis
of large volumes of time-stamped data.

2. Hybrid models: Hybrid systems that combine standard
statistical approaches with artificial neural networks are
increasingly used to improve forecast accuracy.

3. Anomaly detection: Time-series analysis supports
anomaly detection in areas such as financial fraud de-
tection and manufacturing fault detection [10].

1.3.3 Evolution and Impact

1. Emergence of novel algorithms: Genetic Algorithms
(GA), Particle Swarm Optimization (PSO), Ant Colony
Optimization (ACO), and Differential Evolution have been
developed to solve difficult optimization problems.

2. Broad range of applications: Metaheuristic algorithms
are used in engineering design, logistics, scheduling, and
artificial intelligence. Their effectiveness and adaptabil-
ity make them useful across many optimization prob-
lems [11].

1.3.4 Current Trends in Metaheuristic Optimization

1. Hybrid optimization techniques: Metaheuristic meth-
ods are increasingly combined with exact algorithms or
other metaheuristics to improve solution quality and con-
vergence rates.

2. Parallel and distributed computing: Parallel and dis-
tributed computing have enabled faster performance and
greater problem-solving capacity.

3. Applications in emerging fields: Metaheuristic opti-
mization is being applied in renewable-energy systems,
intelligent-grid optimization, and bioinformatics, demon-
strating its versatility [12].

2. LITERATURE REVIEW

Several important studies have examined CO2 emissions fore-
casting using different methods and across different areas.
Research in Bangladesh compared the relationships among
CO2 emissions, electricity consumption, and GDP from 1972
to 2019, offering evidence relevant to policymaking and en-
ergy planning. Other work has focused on development issues
and the role of accurate emission forecasts in government en-
ergy policy. Reduced-form approaches also use historical
data to model potential future changes in emissions. Addi-
tional research incorporates external factors, such as policy

and economic conditions, to produce more reliable industrial
CO2 projections. Logistic-growth studies have examined the
potential for peak emissions in cities and the trajectory of
metropolitan emissions [13, 14, 15, 16].

Time series analysis uses past observations to identify trends,
patterns, and cycles and to project future emissions. Studies
have used models such as ARIMA to forecast CO2 emissions,
supporting policymaking and decision-making [17]. Logistic-
growth models applied to time-series data have been used to
investigate the likelihood of peak CO2 emissions in metropoli-
tan centers [18]. A time series can also model emission pat-
terns over time and predict future trends, as demonstrated
in environmental studies of Kenya’s savanna grasslands [19].
Cross-sectional analysis can further explain fluctuations in
income and economic activity, providing a broader picture of
emission changes [15].

Metaheuristic optimization techniques can improve forecast-
ing by searching for suitable solutions to complex problems.
Genetic Algorithms, Particle Swarm Optimization, and Ant
Colony Optimization draw on natural processes and collec-
tive behavior [20]. These methods can tune model parameters
to improve predictive performance; for example, combining
PSO with time-series models can select parameters that min-
imize forecast errors [21]. Metaheuristics can also be com-
bined with machine-learning models, such as feed-forward
neural networks or support vector machines, to improve pre-
diction and handle nonlinear relationships [22]. Together,
these approaches can support more accurate and reliable fore-
casts for environmental planning and policy [23].

3. TIME SERIES ANALYSIS TECHNIQUES

The time-series data are preprocessed and then modeled and
forecast using established analysis techniques. Table 2 sum-
marizes the methods considered for CO2 emissions forecast-
ing.

Following preprocessing, these techniques are applied to time-
series data to establish relationships between CO2 emissions
and the model, enabling forecasting. They are selected to
capture temporal variations in CO2 emissions [24].

4. METAHEURISTIC OPTIMIZATION ALGORITHMS

Forecasting models can be improved with metaheuristic opti-
mization algorithms. The study describes the following:

• Genetic Algorithms (GA): Inspired by natural selection,
GA adapts model parameters to improve forecasting accu-
racy.

• Particle Swarm Optimization (PSO): A population-based

Table 2. Summary of time series analysis techniques for CO2 emissions forecasting.

Technique Description

ARIMA (Autoregressive Integrated
Moving Average)

A standard statistical technique for modeling time-series data and describing
dependencies present in the data.

Exponential smoothing A technique used to make data less volatile and to isolate periodic variations, if
present.

Seasonal decomposition of time series
(STL)

A method that decomposes a time series into trend, seasonality, and noise
components.
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optimization algorithm inspired by the collective movement
of birds or fish.

• Ant Colony Optimization (ACO): A swarm-intelligence
algorithm that mimics ants searching for food to identify
promising solutions.

Each algorithm is implemented with specific parameters, fit-
ness functions, and stopping conditions selected to meet its
objectives [25].

5. DISCUSSION

5.1 Comparison of Methods

The performance of time-series analysis and metaheuristic
optimization methods varies with the conditions and charac-
teristics of the time series. ARIMA and SARIMA models
are suitable for fitting linear trends and seasonal behavior but
may perform less well with nonlinear patterns and interac-
tions among variables. Exponential smoothing (ETS) flexibly
models different components but may be less suitable for
long-term forecasting.

LSTM networks can detect complex nonlinear relationships
in data and may therefore be more suitable for forecasting
CO2 emissions in such cases. They can support long-horizon
forecasts where conventional models may be less effective.

Genetic Algorithms, Particle Swarm Optimization, and Ant
Colony Optimization can improve parameter optimization
and model accuracy. GA and PSO can explore broad
search spaces and help avoid local optima, including in high-
dimensional problems. Although ACO is effective for path-
optimization problems, it can add computational cost. Simu-
lated Annealing (SA) can find solutions probabilistically, but
may take relatively long and can return suboptimal results;
careful parameter tuning is needed to improve its perfor-
mance.

5.2 Challenges and Limitations

CO2 emissions estimation faces challenges related to data
quality and availability: weak or inadequate historical data
can reduce model quality. Differences in economic condi-
tions, public policies, and technologies also affect emissions
and make accurate prediction difficult. Traditional time-series
models may not capture complex nonlinear relationships and
interactions among variables. Metaheuristic optimization can
improve model efficiency, but it can be time-consuming and
require substantial computational resources and implementa-
tion expertise.

5.3 Future Directions

Future studies should prioritize data quality and integrated
databases that include socioeconomic and environmental fac-
tors. Improving the interpretability of complex models, such
as LSTM networks, for policymaking may increase the useful-
ness of their forecasts. Combining time-series and machine-
learning approaches may produce better forecasts. Further
research can investigate advanced metaheuristic algorithms
and hybrid techniques to improve forecasting accuracy and
speed. Finally, integrating dynamic data feeds and adaptive
learning may help keep models current and accurate in chang-
ing environments.

6. CONCLUSION

This review examines the potential of CO2 emissions fore-
casting to contribute to environmental sustainability. Given
the severe global impacts of climate change, reliable fore-
casting is crucial for decision-making and policy formulation.
The paper reviews studies using time series analysis and
metaheuristic optimization, highlighting their advantages and
limitations, and stresses the need to select methods according
to the datasets and forecasting objectives. Despite advances,
data quality and model complexity remain challenges. Fu-
ture research should focus on composite models, real-time
data, and the inclusion of additional variables. Accurate CO2
emissions forecasting is vital to developing effective climate
policies and achieving environmental sustainability.
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