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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 like genetic algorithms optimize forecasting accuracy. Challenges include data quality, model
complexity, and computational demands. However, the potential of advanced machine learning is a beacon of
hope. It can revolutionize CO2 forecasting, making it more accurate and efficient. Composite models combining
approaches show promise alongside real-time data integration and advanced machine learning. Future research
should prioritize comprehensive databases and, importantly, stress the need for interdisciplinary collaboration to
refine models. Improvements in forecasting can aid policy decisions and combat climate change, 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 contemporary environmental challenges and achieves sustainable
development. 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 aims to underscore the paramount importance of
CO2 emissions forecasting and to explore its environmental, policy, and economic implications. We will also delve
into the applications of time series analysis and metaheuristic optimization in improving the predictability of CO2
emissions [1].

1.2 Importance of Forecasting CO2 Emissions

Forecasting CO2 emissions plays a core role at all levels — from the policy to the practical actions in the fight
against climate change. Emission projections provide valuable information as they facilitate the decision-making
processes and gauge the efforts toward mitigating environmental adverse effects: they assist governments and
legislators in implementing measures to restrain emissions and launch different campaigns. These are not
predicting figures but the minimum parameters that set necessary emission reduction rates and the measures to
mitigate the consequences of climate change [2]. From an economic standpoint, emission projections estimate the
expenses that stem from carbonization and emissions pricing and trading. They help manage financial markets for
trading and encourage corporations to engage in sustainable environmental practices, which overall influences
environmentalism and supports economic structures and international competitiveness within current carbon
footprint wedges [3].

32
DOI: https://doi.org/10.54216/JAIM.070203

Received: May 14, 2023 Revised: September 20, 2023 Accepted: February 17, 2024



https://doi.org/10.54216/JAIM.070203
mailto:a7mdsqr@std.mans.edu.eg
mailto:skenawy@ieee.org

Journal of Artificial Intellioence and Metabenristics (LAIM) Vol 07, No. 02, PP. 32-38, 2024

At the global level, it is used to predict gas emissions, for instance, in the Paris Agreement, where nations set their
emissions reduction goals to avoid additional global temperature increases. Forecasts monitor such shifts in targets
to guarantee that nations attain them in unison and keep the management of agreements multilateral for averting
big-picture climatic goals [4]. Forecasted CO2 emissions were also modeled to help raise awareness of climate
change's importance. This provides society with quantitative values that expose the consequences. This awareness
thus triggers behavioral changes, improving emission reduction outcomes at individual, organizational, and
national levels [5]. Thus, forecasting CO2 emissions is a crucial factor for the country. This, in turn, helps in
decision-making in several areas, innovative advancement of clean technology, and solutions to climate change
across the globe. Credible forecasts are indispensable for grasping the prospects of environmental sustainability
and creating a favorable future for the Earth and the societies that inhabit it [2].

Thus, Table 1 highlights the importance of CO2 emission forecasting in environmental, policy, and, thus, economic
contexts. This section restricts the effects and advantages of the correct CO2 prediction on sustainable
development. The table shows the importance of effective forecasting by presenting the different environmental
strategies it can use, the policies it can influence, and the economic impact it will bring to aid in combating climate
change, thus creating a detailed explication of its importance.

Table 1: Forecasting CO2 emissions across environmental, policy, and economic dimensions is essential.

Aspect Description

Environmental Impact CO2 is an effective greenhouse gas and a significant contributor to the
greenhouse effect, which results in climate change. Anticipating emission
trends provides insights into early measures to mitigate adverse environmental
effects. Understanding future emission patterns is essential for addressing
problems early. Emission forecasts help predict future changes and facilitate
preventive measures such as carbon-constrained policies and sustainable
solutions [6].

Policy Formulation Budgeting helps organizations plan and set realistic growth goals and
strategies. Authorities can use scientific data to establish realistic goals and
provide activities to reduce emissions. Civil authorities and intergovernmental
organizations use these forecasts to determine achievable reduction goals per
international climate agreements like the Paris Accord. Accurate data aids in
rationalizing sustainable development objectives alongside economic
development and environmental conservation [7].

Forecasting CO2 emissions is essential in economic planning as it helps
anticipate the costs of environmental fixes and adjustments. Companies,
sectors, and governments can plan for regulatory changes that lead to the
development of cleaner technologies, fostering economic growth in a carbon-
constrained world. Proper predictions help assess the costs of climate damage,
providing economic motivations for climate actions [8].

Economic Planning

1.3 Time series analysis and metaheuristic optimization 25 years after their application

For instance, figure 1 reflects on using time series analysis and metaheuristic optimization in predicting CO2
emissions for the last one and a quarter of a decade. It includes pictures of power plants and sources of green
energy in the environmental sphere.
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Figure 1. Time series analysis and metaheuristic optimization wind in forecasting emissions

In the last quarter century, time series analysis and metaheuristic optimization have significantly influenced many
branches of science and engineering. Notably, their applications have changed dramatically due to the progress in
computational technologies and the amount of data. Below is a detailed exploration of their development and
current relevance:

1.3.1 Time Series Analysis

1.

Development of Advanced Models: The complexity of time series models has significantly advanced.
Modern techniques enhance classical models like ARIMA and GARCH with machine learning perspectives,
including LSTM and GRU networks, addressing issues related to nonlinearity and complex temporal patterns.

Increased Computational Power: Technological developments, particularly in computational power, enable
the handling of big data in time series, allowing for more accurate forecasting at smaller time intervals.

Applications in Diverse Fields: Time series are applied in various fields, such as finance (stock price
forecasting), meteorology (weather prediction), the economy (GDP growth analysis), and health (epidemic
outbreak prediction) [9].

1.3.2 Current Trends

1.

Integration with Big Data: This research integrates time-series analysis with big data technologies to enable
real-time analysis of large volumes of time-stamped data.

Hybrid Models: The application of hybrid systems that combine standard statistical approaches with artificial
neural networks is increasing, aiming to enhance forecast accuracy.

Anomaly Detection: Time series analysis is widely used for anomaly detection in various high-growth fields,
such as fraud detection in financial systems and fault detection in manufacturing processes [10].

1.3.3  Evolution and Impact

1.

Emergence of Novel Algorithms: Over the past 25 years, many new metaheuristic algorithms have been
developed, including Genetic Algorithms, Particle Swarm Optimization, Ant Colony Optimization, and
Differential Evolution. These algorithms have been instrumental in solving optimization problems that are
otherwise very difficult to address.

Broad Range of Applications: Metaheuristic algorithms are widely used in various fields such as engineering
design, logistics, scheduling, and artificial intelligence. Their effectiveness and adaptability to various
maximization problems make them ideal [11].
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1.3.4 Current Trends

1. Hybrid Optimization Techniques: A growing trend is using metaheuristic principles enhanced by exact
algorithms or other metaheuristic algorithms, improving solution quality and convergence rates.

2. Parallel and Distributed Computing: Metaheuristic algorithms have benefited from advanced parallel and
distributed computing, resulting in faster performance and higher problem-solving capacity.

3. Application in Emerging Fields: Metaheuristic optimization is applied in emerging areas such as renewable
energy systems, intelligent grid optimization, and bioinformatics, demonstrating its versatility [12].

2. Literature Review

Cambridge illustrated some critical works on forecasting CO2 emissions involving different methods and areas.
Scholars who have conducted empirical research have included a study done in Bangladesh that compares the link
between CO2 emission, electrical energy consumption, and GDP from 1972 to 2019. This paper is helpful for
policymakers as it points to timely factors that affect CO2 emissions and the effects of economic growth on
emissions. CO2 emissions forecasting is another analyzed work focusing more on development issues and that
correct emission forecasts may enhance governmental energy policy and planning [13]. Newer methods like the
reduced form also expand the existing literature by using historical data to construct models that predict future
shifts that could occur in emissions and their effects [14]. In addition, a study presents a more extensive forecasting
structure that involves factors that emanate from the external environment, such as policy and economic
circumstances, ultimately offering more reliable projections for the industrial management of CO2 emissions. In
addition, scientific studies based on logistic growth models aim to investigate the possibility of maximum CO2
emissions in cities and provide insights into the nature of the metropolitan emission’s trajectory [15], [16].

In CO2 emissions forecasting, time series analysis builds future trends based on past data records. The data
sequences obtained at predetermined time intervals are analyzed to discover trends, patterns, and cyclical
tendencies. The following is an example of how various studies use models to forecast the emissions of CO2: As
noted by one study, the use of time series models, including the ARIMA models, is utilized to forecast the emission
of CO2, which results in correct and credible predictions, which are of immense aid to the policymaking and
decisions making processes [17].

The other paper handles another paper with logistic growth models employed on time series data to understand the
likelihood of maximum CO2 emissions in metropolitan centers and address the nature of urban emissions [18].
Therefore, like the study done in the savanna grasslands of Kenya, I will use a time series to model the pattern of
the emission over a certain period and make a prediction of the future trend, as this technique has proven to help
analyze the effects on the environment [19].

Moreover, cross-sectional analysis reveals that time series methods can explain income and economic activity
fluctuations, offering the demanded picture of emission changes [15]. Forecasting with time series analysis can
help predict emissions and identify factors responsible for changes in emissions.

Metaheuristic optimization techniques indeed help improve the accuracy of forecasting in the case of CO2
emissions by searching for more suitable solutions to significant, complicated problems. Such techniques are
Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACQO), which are
based on natural processes and habits [20].

Metaheuristic approaches help fine-tune the parameters of models to enhance their predictive power. For instance,
by blending PSO with time series models, it is possible to improve the accuracy of the forecast of CO2 emission
by choosing the parameters that minimize errors [21]. These techniques are suitable for escaping local optima and
searching for a vaster solution space, giving more accurate and reliable forecasting results.

In addition, metaheuristic optimization can be used with machine learning models for more accurate emissions
prediction. GA or PSO can be combined with feed-forward neural networks or support vector machines, where
the strengths of GA or PSO and the neural networks or support vector machines are considered to gain better
predictive results and handle the nonlinear data relationship [22].

To conclude, metaheuristic optimization techniques can be highly effective in improving the accuracy of sales
forecasts regarding CO2 emissions. When joined with more sophisticated machine learning techniques and the
enhancement of model parameters, these proposals offer accurate and reliable predictability upon which sound
environment planning and policy can be firmly based [23].
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3. Time Series Analysis Techniques

The given time series data is preprocessed and then modeled and forecasted using time series analysis techniques.
The following methods are used:

Table 2: Summary of Time Series Analysis Techniques for CO2 Emissions Forecasting

Technique Description

ARIMA (Autoregressive Integrated Moving A standard state statistical technique used in
Average) modeling time series data describes the
dependencies present in the data.

Exponential Smoothing A technique used to make the data less volatile and
to isolate periodic variations, if any.

Seasonal Decomposition of Time Series (STL) A Method that. transforms the time series into its
trend, seasonality, and noise components.

Following the pre-processing stage, these techniques are applied to time series data to establish the relationship
between CO2 emissions and the model, enabling accurate forecasting. These methods are selected to capture the
temporal variations in CO2 emissions [24].

4. Metaheuristic Optimization Algorithms

The forecasting models are improved with the help of a metaheuristic optimization algorithm. The study uses the
following algorithms:

= Genetic Algorithms (GA): Like natural selection, the GA view adapts the model parameters for more
accurate forecasting.

= Particle Swarm Optimization (PSO): An evaluative population-based optimization algorithm that works on
a similar principle as birds flocking or Fish schooling.

= Ant Colony Optimization (ACO): A swarm intelligence optimization algorithm that tries to mimic the
behavior of ants in search of food to identify the best solutions.

They are each coded and run with specific parameters, fitness functions, and stop conditions that were found best
at achieving each algorithm’s objectives [25].

5. Discussion

5.1 Comparison of Methods

It has been shown that the performance of different time series analyses and metaheuristic optimization methods
may be different due to different conditions and characteristics of the time series. ARIMA and SARIMA models
are good choices for fitting the data's linear trends and seasonal behavior. However, they might only perform less
well with curved lines and the intersections of different variables. ETS has a high level of flexibility about the
different components, but it may not be as suitable for longer-term forecasting.

LSTM networks are very efficient in detecting more complicated nonlinear relationships among the considered
data and, for this reason, are more suited to the CO2 emissions forecast. Extremely useful for long-horizon
forecasts where conventional models might fail, the results are beneficial as a long-term forecast when basic
models start to ‘crumble.’

Genetic Algorithm, Particle Swarm Optimization, and Ant Colony Optimization are some metaheuristic
optimization techniques that increase the efficiency of the parameter optimization procedures and thus increase
model accuracy. Algorithms like GA and PSO are preferred due to their non-limited accessibility from the local
optima and suitability for high dimensions of the problem. Although ACO is an efficient algorithm for path
optimization problems, it may also introduce specific problems regarding spreadsheets’ computational load. While
Simulated Annealing (SA) can offer an optimal solution for a CSP instance, it will do so probabilistically and may
take relatively long; sometimes, the solutions returned are suboptimal. Nevertheless, it has a mechanism to avoid
this suboptimal but requires fine-tuning to optimize for the best outcome.
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5.2 Challenges and Limitations

The following are some challenges and limitations bound to CO2 emission estimations: The major problem is data
quality and availability since weak and inadequate historical data may harm the model’s quality. Different
economics, public policies, and technologies are some of the variables that bring emissions to prevalence, making
it difficult to predict accurately. Precisely, the traditional time series model cannot capture complex, nonlinear
relationships and certain interactions between variables, so its prediction accuracy is relatively low. Metaheuristic
optimization methods enhance the model efficiency, although they are time-consuming and require significant
computational power and knowledge for their implementation.

5.3 Future Directions

In future studies, more attention should be paid to data quality and using a more integrated database with socio-
economic and environmental aspects involved. Improving the understanding of complex models such as LSTM
networks for policymaking can be another helpful research direction since this will increase the usability of the
developed models’ forecasts by policymakers. Crossbreeding is the best characteristic of different time series, and
machine-learning approaches can result in better forecasts. Further, one can also advance the investigation of
higher metaheuristic optimization algorithms and hybrid techniques to improve the forecasting precision and
speed. Lastly, integrating dynamic data feeding and intelligent learning can make models up-to-date and accurate
in a dynamic environment.

6. Conclusion

This review paper examines the potential of CO2 emissions forecasting to contribute to environmental
sustainability. Given climate change's severe global impacts, reliable forecasting is crucial for decision-making
and policy formulation. The paper explores studies using time series analysis and metaheuristic optimization,
highlighting their advantages and shortcomings. It stresses the need for proper methods based on datasets and
predictive aims. Despite advancements, issues like data quality and model complexity still need to be addressed.
Future research should focus on composite models, real-time data, and incorporating more variables. Accurate
CO2 emissions forecasting is vital for creating effective climate policies and achieving environmental
sustainability.
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