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ABSTRACT

The escalation of carbon dioxide (CO2) emissions has emerged as a critical environmental concern, par-
ticularly in the context of Indonesia’s pursuit of sustainable development. This study aims to forecast
CO2 emissions in Indonesia using annual time-series data spanning 1967–2023. Three methodological
approaches are employed: an artificial neural network (ANN), an autoregressive model with exogenous
variables (ARIMAX), and a hybrid ARIMAX-ANN model. The dataset comprises Gross Domestic
Product obtained from the World Bank, along with per capita CO2 emissions, per capita natural gas
consumption, and per capita hydropower consumption sourced from Our World in Data. The findings
of this research demonstrate that the hybrid ARIMAX-ANN model provides the best forecasting perfor-
mance, as evidenced by the lowest RMSE, MAPE, and MAE values among the other two models. These
results suggest that the hybrid model is currently the most reliable for predicting CO2 emissions in the
Indonesian context. The study enriches the expanding literature on emission forecasting by providing
empirical evidence to support data-driven policymaking for climate change mitigation and sustainable
energy development in Indonesia.
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A. INTRODUCTION
The quality of the environment is a significant metric for evaluating a nation’s developmental status and level of civilization. One

of the main threats to the environment is greenhouse gas emissions, of which carbon dioxide (CO2) accounts for the largest proportion.
Economic production processes generate greenhouse gases that are released into the atmosphere, triggering the greenhouse effect,
climate change, and rising average global temperatures (Yamacli & Tuncsiper, 2024). These phenomena affect global ecosystems,
threaten food security, and increase the risk of natural disasters such as floods and droughts.

The relationship between economic growth and environmental pollution has long been a concern in environmental studies
(Amalia et al., 2025; Kartiasih & Pribadi, 2020; Kartiasih & Setiawan, 2020). The relationship between economic development
and environmental degradation has been a persistent subject of debate within environmental research (Kartiasih, Sandi, et al., 2025;
Miswa & Kartiasih, 2025). According to the Environmental Kuznets Curve (EKC) hypothesis, environmental pollution tends to
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rise during the initial phases of economic growth as industrialization expands. However, once a certain level of income is attained,
emissions start to fall as a result of the implementation of environmentally sound technologies and more stringent (Kartiasih, Azhari,
& Rinangku, 2025; Siregar et al., 2025). Empirical research often points to an inverted U-shaped curve relating GDP and CO2

emissions (Han & Lin, 2025). However, this relationship is not consistently observed across all countries, with developing countries
exhibiting the most variation.

Global Carbon Project shows that Indonesia, as a rapidly growing economy, has a significant position in contributing to global
CO2 emissions. In 2023, Indonesia ranked eighth globally in fuel-based energy emissions and second in emissions from land-
use change. In the ASEAN region, Indonesia ranks first with total fuel-based energy emissions of 773 MtCO2, far surpassing
Vietnam (335 MtCO2) and Thailand (264 MtCO2). Responding to this challenge, Indonesia has committed through the renewal of
its Nationally Determined Contribution (NDC) as part of ratifying the Paris Agreement. This commitment includes an emissions-
reduction target of 29% to 41% by 2030. Indonesia’s target for reducing carbon emissions by 2030 has been updated from the
initial goal of a 29% reduction (equivalent to 835 million tons of CO2) to a 32% reduction, representing 912 million tons of CO2.
In this effort, forecasting CO2 emissions is a strategic step toward understanding future trends and supporting effective, data-driven
policymaking.

Forecasting CO2 emissions in Indonesia requires a comprehensive understanding of the relationship between emissions and
various external factors that influence them. In this context, several previous studies have identified dynamic relationships between
exogenous variables such as economic growth, energy consumption, and urbanization. Research by Marwa et al. (2022) examines
the two-way causality between economic growth and electricity consumption, while a study by Bashir et al. (2021) demonstrates the
causal relationship between urbanization, energy consumption, and CO2 emissions in Indonesia.

A study by Khan et al. (2023) examined the nexus between per capita income and greenhouse gas emissions across 108 devel-
oping nations from 2000 to 2016. The results validated the Environmental Kuznets Curve (EKC) hypothesis, indicating that rising
income levels, particularly when paired with enhanced human capital, contribute to a decline in environmental degradation. An-
other study by Lin et al. (2018) re-examined the relationship between coal consumption, CO2 emissions, and economic growth in
China from 1969 to 2015 using the Bootstrap ARDL method. While the analysis did not identify a long-term equilibrium among the
variables, the Granger causality test uncovered a short-run bidirectional relationship between economic growth and CO2 emissions,
suggesting that each variable influences the other in the short term. The causal relationship between CO2 emissions and economic
growth has also been examined in the context of Malaysia. For instance, Mehraaein et al. (2021) employed an ARDL approach using
data from 1971 to 2014 and found evidence of an inverted-U-shaped relationship consistent with the Environmental Kuznets Curve
(EKC) hypothesis, along with unidirectional causality running from economic growth to environmental degradation.

The environmental Kuznets curve (EKC) explains the relationship between income inequality and income levels, has become an
essential framework in this field (Mahmood et al., 2023). The EKC posits that in the early stages of economic growth, environmental
degradation worsens. However, after reaching a certain per capita income threshold, these adverse effects begin to diminish. While per
capita income is considered an independent variable within the EKC hypothesis, existing literature includes studies that incorporate
additional data to refine CO2 emissions modeling. Some studies use variables beyond per capita income to enhance the accuracy
of CO2 emissions modeling. A recent study analyzed the relationships among CO2 emissions, urbanization, energy consumption,
and economic growth in Pakistan using the ARDL and VECM approaches, revealing both short- and long-run causal effects of
urbanization and economic growth on CO2 emissions (Sufyanullah et al., 2022).

Several studies have developed models to analyze the factors influencing CO2 emissions in various countries using different
approaches. For instance, Iftikhar et al. (2024) proposed a hybrid model combining regression and time series models to predict
CO2 emissions in Pakistan, demonstrating that this combination can improve prediction accuracy. Additionally, Yamacli & Tunc-
siper (2024) conducted a comparative analysis of ARIMAX and deep learning methodologies for modeling CO2 emissions in Turkey.
Recent research has increasingly utilized the Autoregressive Distributed Lag (ARDL) method to test the Environmental Kuznets
Curve (EKC) hypothesis across different national contexts. For example, Ali et al. (2021) applied the ARDL approach to analyze
Pakistan’s case and identified an inverted U-shaped relationship between economic growth and CO2 emissions, aligning with the
EKC hypothesis.

Although a variety of forecasting techniques are employed internationally, Indonesia has seen limited application of sophisticated
methods such as ARIMAX and ANN. Research by Yamacli & Tuncsiper (2024) in Turkey shows that deep learning-based methods
yield more accurate predictions than traditional models. Meanwhile, Iftikhar et al. (2024) validated the effectiveness of the proposed
hybrid forecasting method, demonstrating its high accuracy and efficiency in estimating CO2 emissions. The optimized hybrid model
successfully predicted Pakistan’s per capita CO2 emissions.
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This study aims to compare CO2 emission forecasting methods using ANN, ARIMAX, and hybrid ARIMAX-ANN approaches
in Indonesia. The exogenous variables include income per capita and energy consumption from natural gas and hydropower per capita.
These variables were chosen because they have a significant influence on CO2 emissions, as shown by various previous studies. The
novelty of this research lies in the application of hybrid methods to CO2 emissions in Indonesia, an area that has rarely been explored.
In addition, this study evaluates the accuracy of various time-series modeling approaches by including exogenous variables, such
as GDP per capita and energy consumption from natural gas and hydropower per capita, which are relevant to Indonesia’s unique
characteristics.

By integrating hybrid methods and analyzing the performance of ANN, ARIMAX, and hybrid ARIMAX-ANN models indi-
vidually, this research provides deep insights into the underlying patterns and trends of CO2 emissions in Indonesia. The results
not only contribute to the literature on greenhouse gas emissions forecasting but also offer practical implications for policymakers
in designing more effective emissions reduction strategies. The approach used is a comparison of the ANN, ARIMAX, and hybrid
ARIMAX-ANN models, which are rarely applied to CO2 emissions in Indonesia. This research also identifies the most suitable
method based on model evaluation criteria, such as RMSE, MAE, and MAPE. It aims to determine whether Indonesia can achieve
the new NDC (Nationally Determined Contributions) target for CO2 emission reduction. This approach supports Indonesia’s Net
Zero Emissions 2060 target while providing a strong basis for data-driven decision-making amid global climate change challenges.

B. RESEARCH METHOD
The study begins by splitting the dataset into 80% for training and 20% for testing. The first stage applies an Artificial Neural

Network (ANN) with backpropagation to capture nonlinear patterns within the data. The second stage constructs an Autoregressive
Integrated Moving Average with Exogenous Variables (ARIMAX) model using historical per capita CO2 emissions, with Gross
Domestic Product (GDP), hydropower energy consumption, and natural gas consumption as exogenous variables. The model is
analyzed using autoregressive, differencing, and moving-average components. In the third stage, a hybrid ARIMAX-ANN model is
developed, where ARIMAX predictions are used to generate residuals, which the ANN subsequently models to improve accuracy.
Finally, model performance is evaluated using Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute
Percentage Error (MAPE), with accuracy interpreted according to established guidelines. The overall modeling process consists of
four main approaches, each described in the following subsections.

1. Artificial Neural Network (ANN)
The second method applied in this research to model CO2 emissions is an Artificial Neural Network (ANN). ANN is a

machine learning technique that mimics the workings and structure of the human brain, consisting of a number of interconnected
neurons as processing units. The training of artificial neural networks (ANN) involves the adjustment of connection weights
through the backpropagation algorithm (Alam & AlArjani, 2021). ANNs possess a high degree of adaptability, allowing them
to model a wide range of data patterns, including nonlinear relationships. Furthermore, their ability to handle complex data
structures, including those that violate normality assumptions, makes them suitable for situations where traditional statistical
methods struggle (Zhang et al., 2018). The forecasting output for the jth sample is determined using a mathematical expression,
as shown in Equation (1).

yj =

n∑
i=1

ωki, jf (hk) + βj (1)

The weight connecting the hidden node to the output node at the i-th iteration is denoted by ωki, j , βj represents the bias of the
jth output node, The result of the hidden node after applying the activation function is. Finally, yj refers to the output of the jth
sample.

2. ARIMAX
This study compares three different methods to predict the amount of CO2 emissions per capita. The study’s first approach,

the ARIMAX model (autoregressive integrated moving average with exogenous variables), predicts future CO2 emissions by
incorporating both GDP and energy consumption as explanatory variables, and the historical behavior of CO2 emissions through
autoregressive components. The ARIMAX model was chosen because it combines the historical pattern of CO2 emissions (rep-
resented by the ARIMA model) with the influence of external factors such as income and energy consumption. This combination
makes the ARIMAX model a powerful tool for analyzing and predicting CO2 emissions.
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This study refers to Janhuaton et al. (2024) which examines the impact of gross domestic product and energy consumption
from hydroelectric power plants and gas per capita on CO2 emissions in Indonesia. The relationship can be modeled using the
autoregressive model with exogenous variables, as shown in Equation (2). Furthermore, the structure of the time series models
applied in this study includes the autoregressive process in Equation (3), the differencing operator in Equation (4), the moving
average process in Equation (5), and the regression form of exogenous variables in Equation (6).

∆dYt =

P∑
i=1

∅i ∆dYt−i +

P∑
i=1

θjεt−j + βkXtk + θjεt , (2)

Yt = ∅1Yt−1 + ∅2Yt−2 + . . .+ ∅pYt−p + εt , (3)

∆dYt = (1−B)
d
Yt, (4)

Yt = θ1εt−1 + θ2εt−2 + . . .+ θqεt−q + εt (5)

Yt = β1Xt1 + β2Xt2 + . . .+ βkXtk (6)

The ARIMAX model is defined as follows: Yt denotes the value of the time series at time t, ϕ represents the coefficient associated
with the autoregressive component, ∆ dsignifies the differencing operation performed d times, B is the backshift operator, θ is
the coefficient of the moving average component, βk represents the coefficient of the exogenous variable Xtk and ε represents
the white noise error term. This study uses the ARIMAX model, which is a development of the ARIMA model. This model
includes four main components: autoregressive (AR), which measures the dependence of current values on previous values,
integration (I), which handles trends in the data, moving average (MA), which captures the random component, and exogenous
variable (X), which represents the influence of outside factors (Sutthichaimethee & Ariyasajjakorn, 2017).

3. Hybrid ARIMAX-ANN
The Hybrid ARIMAX-ANN model combines two models: an ARIMAX linear model and a neural network with a back-

propagation algorithm as a nonlinear model. In the Hybrid ARIMAX-ANN model, the ANN is used to predict the ARIMAX
model’s errors, thereby improving forecasting accuracy (Mahmudi et al., 2024). The mathematical formulation of the Hybrid
ARIMAX-ANN model is presented in Equation (7).

yt = Lt + Nt + εt (7)

Where Lt is the linear component contained in the given data, Nt is the nonlinear component. After the ARIMAX linear model
is applied to the data, the next step is to calculate the residuals—the differences between the original data (Yt) and the linear
model’s predictions (Lt). This residual contains only the nonlinear part of the data. Next, the residuals are analyzed to determine
whether any linear patterns remain. If there is none, the next step is to check whether the residuals exhibit a nonlinear pattern
(Supriya, 2020).

4. Performance Evaluation
The study employs RMSE, MAPE, and MAE to assess the model’s predictive capabilities. These evaluation metrics as-

sess the discrepancy between predicted and observed values; smaller values indicate better model performance. The predictive
accuracy is gauged using three key indicators, Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE),
and Mean Absolute Error (MAE). RMSE, outlined in Equation (8), captures the average squared deviation between forecasts
and actual outcomes. MAPE, described in Equation (9), conveys the average percentage difference between predicted and actual
values. Meanwhile, MAE, presented in Equation (10), indicates the mean size of prediction errors.

RMSE =

√∑n
i=1 (yi − ŷi)

2

n
(8)

MAPE =

(
1

n

n∑
i=1

|yi − ŷi|
|yi|

)
× 100 (9)

MAE =

(
1

n

)
×

n∑
i=1

|yi − ŷi| (10)
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In the above equation, n indicates the total number of observations, and is the actual value of the ith observation, and yi is the
predicted value of the i-th observation. In addition, in the research by Ağbulut (2022), the interpretation guidelines for evaluating
the MAPE metric are categorized into four levels of forecasting accuracy, as shown in Table 1. The overall modeling process in
this study, which integrates ANN, ARIMAX, and a hybrid ARIMAX-ANN, is illustrated in Figure 1.

Table 1. Interpretation Guidelines for the MAPE in Forecasting Accuracy Assessment

Forecasting Accuracy MAPE Range
High Accuracy ≤ 10%
Good Accuracy > 10% and ≤ 20%
Sufficient Accuracy > 20% and ≤ 50%
Inaccurate > 50%

Figure 1. Flowchart ARIMAX, ANN, and Hybrid ARIMAX-ANN

C. RESULT AND DISCUSSION
1. Descriptive Data

Table 2 presents descriptive statistics for the four variables analyzed —CO2 emissions, GDP, natural gas consumption, and
hydropower generation energy consumption per capita. Each variable has a minimum value, first quartile (Q1), median, mean
(average), third quartile (Q3), and maximum value. The CO2 emissions variable has an average of -1.2050 and a median of
-1.1159, indicating a relatively symmetrical distribution with a slight negative trend. The range of CO2 emission values is quite
wide, from -2.6434 to -0.2304, indicating variation in changes in CO2 emissions over time. Meanwhile, the GDP variable has a
mean of 1445.5 and a median of 732.3, indicating a right-skewed distribution (positive), with some very high values raising the
mean above the median. The maximum GDP per capita of 4876.3 indicates significant economic growth during the period.

For energy consumption variables, such as natural gas and hydroelectricity, the variability is quite high. For example, the
variable Hydro has a mean of 114.41 and a median of 121.10, indicating a more balanced distribution compared to the variable
energy consumption from natural gas per capita. The energy consumption from natural gas variable shows a large variation,
with a minimum value of 58.87 and a maximum of 1805.11. The mean of 1087.45, which is lower than the median of 1438.45,
indicates that the Gas data distribution has a negative skew or leans to the left.

Table 2. Interpretation Guidelines for the MAPE in Forecasting Accuracy Assessment

Statistics CO2 GDP Hydropower Natural Gas
Minimum 0.2304 53.2 23.31 58.87

Q1 0.6588 454.9 49.34 481.55
Median 1.1159 732.3 121.10 1438.45
Mean 1.2050 1445.5 114.41 1087.45

Q3 1.6403 2218.5 145.47 1637.46
Maximum 2.6434 4876.3 258.30 1805.11

Indonesian CO2 emission data from 1967 to 2023 were employed in this study. The model was trained on data from 1967
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to 2007 and subsequently evaluated on data from 2008 to 2023. The ARIMAX model uses CO2 per capita data as endogenous
variables, and gross domestic product (GDP) and energy consumption from both hydropower and natural gas per capita as
exogenous variables. The ANN model uses gross domestic income and per capita energy consumption from hydropower and
natural gas as inputs. Meanwhile, the hybrid ARIMAX-ANN model uses the ARIMAX residuals as one of its input variables.

Figure 2. Trends in CO2 emissions per capita Figure 3. GDP per capita trends

Figure 4. Gas Consumption trend per capita Figure 5. Consumption trends from hydropower per capita

The trend of Indonesia’s yearly CO2 emissions from 1967 to 2023 is depicted in Figure 2. The data originates from Our
World in Data, which uses information from the Global Carbon Project. The graph shows an almost consistent increase in
emissions, indicating a growth trend throughout the years. In the 1967–2023 period, the GDP per capita graph (Figure 3) shows
a steady increase, punctuated by significant declines in the late 1990s and 2021, reflecting the impact of the economic crisis and
the COVID-19 pandemic. Similarly, the graph of natural gas consumption per capita, shown in Figure 4, shows a consistent
increase, with more stable growth than hydroelectric power generation per capita, indicating a gradual shift towards cleaner
energy sources. The graph of energy consumption from hydropower generation per capita shows a consistent upward trend,
reflecting the increasing adoption of renewable energy over time (Figure 5).

As a first step, the collected data were pooled, and the Augmented Dickey-Fuller (ADF) test was conducted to analyze data
stationarity at the initial level, first differentiation, and second differentiation. The ADF test results show that, at this level, not
all variables are stationary because the p-value is greater than 0.05. In the first differentiation, most variables show significant
results. Still, total stationarity is achieved only in the second differentiation, with all probabilities equal to 0.000 and t-statistic
values meeting the stationarity criteria. Details of the test results are shown in Table 3.

Table 3. Stationarity Test Results (ADF)

Test CO2 GDP Hydro Power Natural Gas
Level Intercept 0.0370 35.8951 1.5449 54.9479

Prob. 0.9990 0.9998 0.9865 0.4815
t stat 1.4420 1,9688 0.5351 -1.5889
Intercept 0.0357 -44.9829 4.9072 55.5710
Trend 0.0142 5.6923 1.2948 -0.3191
Prob. 0.1272 0.9771 0.0498 0.9868
t stat -3.0549 -0.5675 -3.4937 -0.3606

1st Difference Intercept 0.0703 64.4409 4.7664 27.6615
Prob. 0.0000 0.0000 0.0000 0.0000
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Test CO2 GDP Hydro Power Natural Gas
t stat -7.3387 -5.5167 -7.5393 -7.0232
Intercept 0.0315 -23.6292 -6.0199 59.6000
Trend 0.0014 3.2928 0.3768 -1.0535
Prob. 0.0000 0.0000 0.0000 0.0000
t stat -7.6526 -5.9861 -7.9426 -7.3245

2nd Difference Intercept 0.0038 9.4783 1.0547 -0.6212
Prob. 0.0000 0.0000 0.0000 0.0000
t stat -9.8175 -8.2517 -9.0715 -6.6632
Intercept -0.0017 -4.3896 5.1783 24.5408
Trend 0.0002 0.4633 -0.1353 0.7895
Prob. 0.0000 0.0000 0.0000 0.0000
t stat -9.7181 -8.1694 -8.9393 -6.7358

Once the data are stationary, the next step is to perform time-series analysis and modeling. This research uses three methods to
model CO2 emissions, each based on per capita income and energy consumption from three main sources.

2. Artificial Neural Network (ANN)
The ANN method begins with data normalization, followed by splitting the normalized data into training (the first 40

data points) and test (the last 17 data points) sets in an 80:20 ratio. ANN modeling employs a neural network to predict CO2

emissions based on per capita income (GDP), natural gas consumption, and hydroelectric power generation, with a single hidden
layer containing 1 neuron per unit. Since the data is continuous, the linear output parameter is set to TRUE. The training results
are visualized in the network plot shown in Figure 6. During the testing phase, the ANN model predicts CO2 emissions using the
test data, and the predictions are then denormalized back to the original scale using the denormalize function.

Figure 6. ANN plot

3. ARIMAX
All selected exogenous variables, GDP per capita, natural gas, and hydropower, exhibited Variance Inflation Factor (VIF)

values below 10, suggesting minimal multicollinearity. To evaluate stationarity, the Augmented Dickey-Fuller (ADF) test was
applied, confirming that the data became stationary after first differencing. Table 4 presents the ARIMAX model’s parameter
estimates, showing that gas consumption has a positive and statistically significant impact at the 5% level. In contrast, the
coefficients for GDP and hydropower are not statistically significant. The constant term is also significant at the 5% level. In
addition, the model includes an AR(1) component that is statistically significant at the 1% level.
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Table 4. ARIMAX Parameter Estimation Results

Variables Coefficient Standard Error (s.e) Probability
C 0.263915 0.035375 0.0000

AR(1) 0.430130 0.206961 0.0000
GDP 0.000221 0.000137 0.1074
Gas 0.000559 0.000267 0.0361

Hydro -0.000212 0.000497 0.6686

The model is obtained using the Auto ARIMA approach, which automatically selects the best parameters to model the
regression with errors modeled as ARIMA(1,0,0). Auto ARIMA evaluates various combinations of autoregressive (AR), differ-
encing (I), and moving average (MA) parameters to minimize information criteria such as Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC). In this model, no MA or moving average component is selected, but there is one
AR(1) autoregressive component.

4. ARIMAX-ANN
The hybrid ARIMAX-ANN combines the strengths of linear and nonlinear methodologies by using ARIMAX to identify

and represent linear trends, while leveraging artificial neural networks (ANN) to uncover and learn complex nonlinear patterns in
the dataset. This integrated framework provides a more comprehensive and flexible forecasting strategy. The modeling process
begins with the development of an ARIMAX model to generate initial predictions of CO2 emissions. The residuals, defined as
the discrepancies between the predicted and actual values, are subsequently modeled using an ANN to account for nonlinear
components not captured by the linear ARIMAX structure.

The residuals from the ARIMAX model, after normalization, were used as target variables in the artificial neural network
training. The chosen ANN architecture consists of a single hidden layer with 1 neuron, following a configuration similar to the
pure ANN model. Once the ANN training is complete, the model is used to predict residuals on the test data. The residual
predictions obtained are then normalized back to the original scale. The final prediction of the hybrid model is obtained by
combining the ARIMAX prediction with the ANN residual prediction on the test data. Thus, the hybrid model can integrate
the strengths of ARIMAX in capturing long-term linear patterns and ANN in handling more complex non-linear components, as
illustrated in Figure 7.

Figure 7. Hybrid ARIMAX-ANN plot

5. Performance Evaluation
Based on the model performance evaluation results in Table 5, the hybrid ARIMAX-ANN model achieves the best fore-

casting performance, as indicated by the lowest MAE, MAPE, and RMSE values. These findings show that the hybrid approach
effectively integrates ARIMAX’s strength in capturing linear patterns with ANN’s capability to model nonlinear complexities,
resulting in forecasts that are both accurate and robust. On the other hand, although ARIMAX and ANN perform adequately on

Vol. 8, No. 3, October 2025, pp 281–292
DOI: https://doi.org/10.30812/varian.v8i3.5045

https://doi.org/10.30812/varian.v8i3.5045


289 | Afifah Dayan Syaharani JURNAL VARIAN | e-ISSN: 2581-2017

their own, they are less capable than the hybrid model in detecting and modeling the nuanced structures within the data. Overall,
the hybrid ARIMAX-ANN model is recommended as the most reliable method for predicting CO2 emissions in this study. In
contrast, further refinement of the individual models may enhance their future performance.

Table 5. Metric Evaluation Performance

Model MAE MAPE RMSE
ANN 1.0547 47.71% 1.0988

ARIMAX 0.2045 8.71 % 0.2496
Hybrid ARIMAX-ANN 0.2040 8.69% 0.2491

The hybrid ARIMAX-ANN model demonstrated the highest forecasting accuracy among the three models and was therefore
selected to predict CO2 emissions per capita. Table 6 presents the forecast results for the period 2024–2030. The results show
that CO2 emissions are projected to slightly decrease from 2.6076 tons per capita in 2023 to 2.2447 tons per capita in 2024,
before gradually increasing each year to reach 2.4455 tons per capita in 2030. This pattern indicates that although emissions
initially decline, they are expected to rise steadily in the following years, reflecting a gradual upward trend toward 2030.

Table 6. Results of forecasting CO2 Emissions per capita using ARIMAX-ANN

Year CO2 emissions
2024 2.2447
2025 2.2709
2026 2.3028
2027 2.3374
2028 2.3731
2029 2.4092
2030 2.4455

To complement the numerical forecast results shown in Table 6, a graphical representation of the predicted trajectory of
CO2 emissions per capita is provided. Visualizing the forecast alongside historical data enables clearer interpretation of the trend
pattern and facilitates comparison between past actual values and future projections. This visualization highlights the persistent
upward trend in emissions, as projected by the hybrid ARIMAX-ANN model. The forecast plot is shown in Figure 8.

Figure 8. Forecasting CO2 emissions per capita using Hybrid ARIMAX-ANN

The rising trend in CO2 emissions per capita observed in the Hybrid ARIMAX-ANN forecasting results indicates that
external factors, such as economic growth and energy consumption, remain the primary contributors to carbon emissions. This
projection underscores the need for more effective mitigation policies to slow the rate of emissions growth, particularly through
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energy efficiency strategies and the expedited transition to greener energy sources. Ensuring sustainable economic growth without
compromising environmental quality is crucial for the future.

The results of this study are supported by Wongsathan & Chankham (2016), who revealed that a hybrid model combining
ARIMAX and Neural Networks outperformed standalone ARIMA, ARIMAX, and ANN models in forecasting PM10 levels dur-
ing the summer season in Chiang Mai, Thailand. Similarly, Iftikhar et al. (2024) demonstrated that a hybrid forecasting approach
offered high accuracy and efficiency in estimating CO2 emissions, with the refined model effectively projecting Pakistan’s per
capita CO2 output. In line with these findings, Wahidah et al. (2024) applied a hybrid ARIMAX–NN model to forecast Indone-
sia’s export values, demonstrating that the hybrid approach provided more accurate and stable predictions than single models,
thereby reinforcing the reliability of hybrid forecasting in capturing both linear and nonlinear data patterns. Based on these
results, the hybrid ARIMAX-ANN is the most recommended model for predicting CO2 emissions in Indonesia, given its ability
to capture nonlinear relationships among variables. Although the hybrid ARIMAX-ANN approach can produce accurate pre-
dictions, the forecasting results indicate that the emission-reduction target set in Indonesia’s latest NDC (Nationally Determined
Contributions) has not yet been achieved. This finding makes an important contribution to supporting Indonesia’s greenhouse
gas mitigation policy and demonstrates the potential of statistical methods for forecasting environmental data. The development
of hybrid or machine learning-based models remains necessary to address the challenges of more complex data patterns in the
future.

D. CONCLUSION AND SUGGESTION
Based on the research results, the Hybrid ARIMAX–ANN model proved to be the most effective approach in predicting CO2

emissions in Indonesia. This is evidenced by its superior performance metrics compared to the other two models, with a MAE
value of 0.2040, MAPE of 8.69%, and RMSE of 0.2491, as shown in Table 5. These metrics highlight the hybrid model’s robust
performance, demonstrating its ability to combine the strengths of statistical methods and machine learning: effectively modeling
linear trends via ARIMAX and capturing nonlinear dynamics via an ANN. In contrast, the standalone ARIMAX model performed
slightly lower (MAPE = 8.71%), while the ANN model produced the weakest results (MAPE = 47.71%), indicating that it struggled
to capture the dominant linear trends in the data. These findings imply that hybridizing ARIMAX and ANN improves forecasting
accuracy for data with mixed linear and nonlinear dynamics.

Forecasting results using the hybrid ARIMAX-ANN model indicate that CO2 emissions in Indonesia are expected to continue
increasing, contrary to the 30% reduction target in the Nationally Determined Contribution (NDC) commitment. To achieve this
target, evaluation and improvement of energy policies and mitigation strategies are urgently needed to ensure realistic, sustainable
emission reductions that are aligned with Indonesia’s NDC target. Accelerating the transition to renewable energy, improving energy
efficiency in key sectors, and reducing dependence on fossil fuels are important steps that must be prioritized. In addition, it is
necessary to develop a more comprehensive forecasting model by considering external factors, such as global energy price dynamics,
international policy changes, and technological developments.
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