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Abstract	
In	 this	paper,	we	use	an	ARIMA	 to	model	 the	 concentration	of	 carbon	dioxide	 in	 the	
atmosphere	and	make	a	prediction	for	some	specific	years	in	the	future.	We	find	ARIMA	
outperforms	its	competing	models.	Based	on	the	fitted	model,	we	estimate	the	level	of	
the	concentration	of	carbon	dioxide	in	the	atmosphere	for	2050	and	2100.	
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1. Introduction 

When we enjoy modern life from the leap in technique after the Industrial Revolution, the emission 
of greenhouse gases, especially carbon dioxide, increases rapidly in line with the surge of fossil fuel 
consumption. Environmental changes, manufacturing, or even people’s daily activities produce a 
certain amount of greenhouse gases. According to data in recent years, carbon dioxide emissions had 
reached 36.44 billion tons, accounting for 74 percent of all greenhouse gases in 2019. While the value 
is only 6 billion tons in 1950, it is no doubt that the emission of carbon dioxide has entered its rapidly 
increasing period(Information on https://www. americanscientist. org/ article/ carbon-dioxide-and-
the-climate). The increasing amount of greenhouse gases results in an obvious increase in global 
temperature. From the specific data, the average global surface temperature had entered 10.13 degrees 
in 2019, while the value is 7.31 degrees in 1950 (Informationon :https://www.climate.gov/news-
features/understanding-climate/climate-change-global-temperature). With the rise of global average 
temperature, the frequent occurrence of extreme temperature events occur frequently and yield a 
significant impact on human life. More crisis emerges in area of water resources, agricultural 
production, ecosystems, etc each year. Studies provide evidence of the negative impacts such as the 
ecosystem balance (Mukhopadhyay, 2013), agricultural productivity (Gornall et al., 2010; Sultan, 
2012), water resources (Kusangaya et al., 2014), sustainable social-economic development (Koubi, 
2019), droughts and forest fires (Bates et al., 2008), human health (Keellings and Waylen, 2012; 
McMichael and Lindgren, 2011; Patz et al., 2005).  

Countries have a consensus to control the emission of greenhouse gases by transitioning to renewable 
energy sources, such as wind and solar power, and by implementing policies that motivate individuals 
and businesses to reduce their carbon footprint. to minimize the cost of economic growth and reach 
the goal at the same time, a cap-and-trade system is developed and implemented in today's world. 
The approach is to set a cap on the total amount of emissions that can be released and then issue 
permits to companies that allow them to emit a certain amount of greenhouse gases. Therefore, 
modeling the concentration of carbon dioxide in the atmosphere can help us better understand how 
human activities contribute to the increase in carbon dioxide levels. Furthermore, a reliable forecast 
based on the model provide projection on the total amount of emissions, which is the core variable 
for emission cap setting. 

Several recent papers have highlighted the importance of accurate predictions of the concentration of 
carbon dioxide in the atmosphere for understanding the future impacts of climate change and 
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developing effective mitigation strategies. For example, in a paper published in Environmental 
Research Letters, Meinshausen et al. (2011) used a suite of climate models to forecast the 
concentration of carbon dioxide in the atmosphere under different scenarios of greenhouse gas 
emissions. They found that the future concentration of carbon dioxide is highly dependent on the rate 
of emissions, and that continued emissions at current levels or higher will lead to significant impacts 
of climate change. Another paper by Le Quéré et al. (2018) in Earth System Science Data focused on 
the development of new methods for forecasting carbon dioxide concentrations. The authors 
developed a new approach that combines observations of carbon dioxide with models of ocean and 
land carbon uptake to improve the accuracy of predictions. Some extenstion from predictions of the 
concentration of carbon dioxide. Global carbon budget 2014 (Le Quéré et al. , 2015) , The challenge 
to keep global warming below 2°C (Peters et al.,2013), Recent pause in the growth rate of atmospheric 
CO2 due to enhanced terrestrial carbon uptake (Keenan et al. , 2013); Global carbon budget 2019 
(Friedlingstein et al. , 2019); Carbon and other biogeochemical cycles (Ciais et al. , 2013); Twenty-
first-century compatible CO2 emissions and airborne fraction simulated by CMIP5 earth system 
models under four representative concentration pathways (Jones et al. , 2017); Global and regional 
fluxes of carbon from land use and land cover change 1850-2015 (Houghton & Nassikas , 2017); 
Contributions to accelerating atmospheric CO2 growth rate from economic activity, carbon intensity, 
and efficiency of natural sinks (Canadell et al. , 2007); Effect of increasing CO2 on the terrestrial 
carbon cycle (Schimel et al. , 2015); Anthropogenic and biophysical contributions to increasing 
atmospheric CO2 growth rate and airborne fraction (Raupach et al. , 2010). 

Overall, these papers highlight the importance of accurate predictions of the concentration of carbon 
dioxide in the atmosphere for guiding policy decisions and developing effective mitigation strategies. 
Continued research and refinement of climate models and forecasting methods is necessary to 
improve the accuracy of these predictions and address the global challenge of climate change.  

In this paper, we use an ARIMA to model the concentration of carbon dioxide in the atmosphere and 
make a prediction for some specific years in the future. ARIMA (AutoRegressive Integrated Moving 
Average) is a popular and widely used model for time series forecasting. It is a statistical model that 
uses past values of a time series to predict future values. To ensure the robustness of our suggested 
model, we also employ linear model, Quadratic Regression Model and Exponential Smoothing Model 
as competing candidates.  

We contribute to the recent literature from 2 aspects. First and foremost, we use an ARIMA to model 
the concentration of carbon dioxide in the atmosphere and make a prediction for the specific time in 
the future. The model can provide important projection, which is a key parameter for global emission 
cap setting. Second, we compare the ARIMA with several benchmark models. The evaluation shows 
that  ARIMA outperforms in all of models. 

The paper is organized as follows: Section one is an introduction. Section two is the methodology, 
which provides the details of models and the criteria of model comparison. Section three is empirical 
study. Models are fitted with data and evaluation the performance among models. Then we come to 
the conclusion in the end. 

2. Methodology 

Widely used in finance, economics to forecast future trends or patterns, ARIMA model is believed as 
one of best choices for modeling time series and can generate an ideal forecast. we conduct the 
ARIMA model to fit the data and then yield a better prediction for level of Carbon Dioxide in 
atmosphere. As the level of Carbon Dioxide in atmosphere is a typical time series, we expect that the 
ARIMA model can capture the feature of the Carbon Dioxide change in atmosphere over time and 
provide a more accurate prediction for PPM. 
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2.1 ARIMA Model 

ARIMA stands for autoregressive integrated moving average model and is specified by three order 
parameters: (p, d, q).The ARIMA model is a combination of three components: autoregression (AR), 
differencing (I), and moving average (MA). The AR component refers to the use of past observations 
of the time series to make predictions. The MA component refers to the use of past prediction errors 
to make future predictions. The I component refers to the use of differencing to make the time series 
stationary, which means that its statistical properties remain constant over time. The general form of 
ARMA model is given by: 

௧ݕ   ൌ ௧ି1ݕ1ܽ ൅⋯൅ ܽ௣ݕ௧ି௣ ൅ ௧ି1ߝ1ܾ ൅⋯ܾ௤ߝ௧ି௤                  (1) 

where p and q are the orders of the ARand MA components, respectively. The order of the AR 
component (p) is the number of lagged values of the time series used to make predictions. The order 
of the MA component (q) is the number of lagged errors used to make predictions. 

2.2 Benchmark Models 

To evaluation the performance of suggested ARMA model for the concentration of carbon dioxide in 
the atmosphere, we employ three competing models and compare the result of fitness and forecast 
among models.  

2.2.1 Linear Model 

Linear regression is a statistical method used to model the relationship between a dependent variable 
and one or more independent variables. It is a commonly used technique in data analysis and is used 
to make predictions based on historical data. 

In a linear regression model, the relationship between the dependent variable and the independent 
variable(s) is assumed to be linear, meaning that the relationship can be represented by a straight line. 
The linear regression model is represented by the equation: 

 
               ௧ܻ ൌ ܽ ൅ ܾଵݔ௧ ൅ ݁௧ (2) 

 

where Yt  is the dependent variable, xt  is the independent variable, a is the intercept, b1 is the 
coefficient for the linear term. 

2.2.2 The Quadratic Regression Model 

The quadratic regression model is often used when the relationship between the dependent variable 
and the independent variable is not linear, but has a U-shaped or inverted U-shaped curve. By adding 
the quadratic term to the model, the model can capture the curvature of the relationship and provide 
a better fit to the data.  

The quadratic regression model is represented by the equation: 

 
            ௧ܻ ൌ ܽ ൅ ܾଵݔ௧ ൅ ܾଶݔ௧ଶ ൅ ݁௧ (3) 

 

where Yt  is the dependent variable, xt  is the independent variable, a is the intercept, ܾ1  is the 
coefficient for the linear term, ܾ2 is the coefficient for the quadratic term. 

2.2.3 Double Exponential Smoothing Model  

Double exponential smoothing is a forecasting technique that is used to make predictions based on 
time-series data. It is an extension of the simpler single exponential smoothing technique, which uses 
a weighted average of past observations to make predictions.  

In double exponential smoothing, two sets of weights are used to calculate the forecast: one set for 
the level of the time series, and another set for the trend of the time series. The level is the average 
value of the time series, while the trend is the rate of change of the time series over time. 

The double exponential smoothing model is represented by the following equations: 
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௧ܮ           ൌ ܽ ௧ܻ ൅ ሺ1 െ ܽሻሺܮ௧ଵ ൅ ௧ܶଵሻ (4) 
          ௧ܶ ൌ ܾሺܮ௧ ൅ ௧ଵሻܮ ൅ ሺ1 െ ܾሻ ௧ܶଵ (5) 

௧ା௠ܨ        ൌ ௧ܮ ൅ ݉ ௧ܶ                                      (6) 
 

where ௧ܻ is the actual value of the time series at time t, α and β are smoothing parameters between 0 
and 1, and m is the number of periods ahead for which the forecast is being made. ܮ௧ is level at time 
t and ௧ܶ trend at time t. ܨ௧ା௠ is the forecast value at m forward steps.    

2.3 Evaluation        

To Evaluation the models, we use two common criteria, Mean absolute error and R square. 

Mean absolute error (MAE) is a common metric used to evaluate the accuracy of a forecasting model. 
It measures the average absolute difference between the actual values and the predicted values of a 
time series. 

The formula for calculating MAE is: 

 

                  MAE 
1
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where n is the number of observations, yi is the actual value of the time series at time i, and ŷi  is 
the predicted value of the time series at time i. 

The MAE measures the average magnitude of the errors made by the forecasting model, without 
considering the direction of the errors. A lower MAE indicates that the model is more accurate, as it 
has made smaller errors on average. 

R²is a statistical measure that represents the proportion of the variance in the dependent variable that 
is explained by the independent variable(s) in a regression model. It is a commonly used metric for 
evaluating the goodness of fit of a regression model. 

The formula for calculating R² is: 

                        (8) 

R² can be interpreted as the proportion of the total variation in the dependent variable that is explained 
by the independent variables in the model. The R² value ranges from 0 to 1, with a value of 1 
indicating a perfect fit of the model to the data, and a value of 0 indicating that the model does not 
explain any of the variance in the dependent variable.A higher R² indicates a better fit of the model 
to the data, as it explains more of the variation in the dependent variable. 

3. Empirical Study 

3.1 Data 

 ૛ Emission۽۱ 3.1.1

Table1 presents the data of PPM of	CO2 from 2000 to 2021.In order to see whether the tendency 
decreases, we measure the first order difference and year basis and analysis these processed data. 

As we all know, many laws have been published to improve the situation of the increase on CO2. But 
the actual effect is unknown. From the table1, the first order difference and year basis does not 
decrease. Even worse, there’s tendency for amount of	CO2 emitted every year to increase. As a result 
these laws do not work very well. 
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Table 1. The amount of	CO2 from 2000 to 2021 

Year PPM First order difference Year basis Year PPM First order difference Year basis

2000 369.71 1.17 0.32% 2011 391.85 1.75 0.45% 

2001 371.32 1.61 0.44% 2012 394.06 2.21 0.56% 

2002 373.45 2.13 0.57% 2013 396.74 2.68 0.68% 

2003 375.98 2.53 0.68% 2014 398.81 2.07 0.52% 

2004 377.7 1.72 0.46% 2015 401.01 2.2 0.55% 

2005 379.98 2.28 0.60% 2016 404.41 3.4 0.85% 

2006 382.09 2.11 0.56% 2017 406.76 2.35 0.58% 

2007 384.02 1.93 0.51% 2018 408.72 1.96 0.48% 

2008 385.83 1.81 0.47% 2019 411.66 2.94 0.72% 

2009 387.64 1.81 0.47% 2020 414.24 2.58 0.63% 

2010 390.1 2.46 0.64% 2021 416.45 2.21 0.53% 

3.1.2 The Relationship between COଶ and Temperature Change 

Compared to changes on CO2 emitted, people are more aware of the consequence of changes on 
temperature. The relationship between the concentration of carbon dioxide in the atmosphere and 
global average temperature is well-established through scientific research. Carbon dioxide is a 
greenhouse gas that traps heat in the Earth's atmosphere, leading to a phenomenon known as the 
greenhouse effect. As the concentration of carbon dioxide in the atmosphere increases, more heat is 
trapped, leading to a rise in global average temperatures. 

 
Figure 1. The relationship between CO2 and temperature change 

 

Here, we can find a positive association between CO2 and temperature. When the emission of CO2 
increases, the global average temperature grows. The relation between two variables exhibits a 
positive linear trend. The result implicit the level of CO2 in the atmosphere have a clear positively 
impact on the rise of global average temperature. Therefore, both the theory and the data highlight 
that the level of CO2  in the atmosphere is the key variable to control the rise of global average 
temperature. 

Therefore, Controlling the emission of carbon dioxide is crucial for mitigating the impacts of climate 
change. A reliable forecast based on the model provide projection on the total amount of emissions, 
which is the core variable for emission cap setting. 
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3.2 The ARIMA Model 

This graph below shows the level of CO2 from 1958 to 2020. It is obvious that  the data has a trend 
and grows over time. Therefore, the series is not stationary.  

 
Figure 2. Trend of level of CO2 in atmosphere 

3.2.1 Unit Root Test  

A conventional ARIMA model is constructed. Firstly, the predictor variables need to be determined, 
and the prediction can only be made when the variables are smooth time series data. From the data, 
it can be seen that the CO2 concentration has an obvious rising trend and the data is not smooth, so 
the first-order difference and second-order difference are performed separately to test the smoothness 
of the corresponding difference variables. In this paper, unit root test is used to determine whether 
the variables are smooth time series. The results of the unit root test are as follows:  

 

Table 2. Unit root test 

Unit root test 

 dy d2y 

lag ADF pperron ADF pperron 

1 0.0339** 0.0015*** 0.0000*** 0.0000*** 

2 0.4786 0.0023*** 0.0000*** 0.0000*** 

3 0.6242 0.0016*** 0.0000*** 0.0000*** 

4 0.5659 0.0008*** 0.0000*** 0.0000*** 

5 0.5357 0.0005*** 0.0000*** 0.0000*** 

p.s. * standard error p-value significance, * p<0.1, ** p<0.05, ***p<0.01 

 

The above table reports the p-values of the unit-root test. In the table, dy is the first-order difference 
of Y, d2y is the second-order difference of Y. The tests are ADF test (Augmented Dickey-Fuller unit-
root test) and pperron (Phillips-Perron unit-root test) test, lag is the order of data lag, * is the test 
statistical significance level.  

By testing the autocorrelation coefficients and partial autocorrelation coefficients, it was found that 
for the first-order differenced dy variables, they passed the perron test at lags 1 to 5, but the ADF test 
only passed lag 1, indicating that the original hypothesis could not be rejected and the dy variables 
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were not smooth; for the second-order differenced d2y variables, both the ADF test and the perron 
test passed the test of smoothness from lag 1 to lag 5, indicating that the original hypothesis of a unit 
root in d2y was rejected, proving that d2y is a smooth time series and can be modeled by ARIMA.  

3.2.2 Determining the Lag Order 

Next, we need to determine the lag order p and q of the ARIMA model. The lag order can be obtained 
by observing the autocorrelation coefficient and partial autocorrelation coefficient of time series. The 
autocorrelation and partial autocorrelation function of d2y series is shown below: 

 

 
Figure 3. Autocorrelation (AC) and partial autocorrelation (PAC) functions 

According to the autocorrelation function and partial autocorrelation function, the final model is 
ARIMA (3,2,0). 

3.2.3 ARIMA Modeling and Prediction 

The estimated results of the ARIMA model are shown below. 

Table 3. ARIMA estimation results 

VARIABLES ARMA 

L.ar -0.756*** 

 (0.110) 

L2.ar -0.712*** 

 (0.122) 

L3.ar -0.318*** 

 (0.122) 

Constant 0.0284 

 (0.0251) 

Observations 61 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

According to the ARIMA regression results, the third-order lag term coefficients of the second-order 
difference of y are all significant at the level of 0.01, which are -0.756, -0.712 and -0.318, respectively. 
In other words, the first-order to third-order lag of the carbon dioxide change difference will have a 
negative impact on the current change difference. 
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3.3 The Result of Competing Models 

3.3.1 The Linear Regression Model 

After estimation, the function of the linear regression model is given by: 

 ppm ൌ 1.614 ൈ tെ 2853 

This ppm stands for the concentration of carbon dioxide, and t stands for the year. Because it is the 
line, the line has its own property which can extend on both sides. This can predict future values. 

3.3.2 The Quadratic Regression Model 

The quadratic regression model in this situation is more fitted for the true values compared with the 
linear regression model. 

The function of this model is: 

This model is relatively more fitted than the linear regression model. This is because the true values 
arrange like a curve. Also, this looks more precise than the linear regression model. 

3.3.3 The Exponential Smoothing Model 

In exponential smoothing, the article uses three recursive functions: exponential, dexponential, and 
hwinters. The paper uses them to make a prediction of the ppm level repecively and compare the 
result to the actual values to test which is the most accurate one to make a more trustful prediction. 

 

 
Figure 4. (left) Prediction of ppm level for next four year using exponential function. 

Figure 5. (right) Prediction of ppm level for next four year using hwinters function. 

 

Prediction line of these two prediction both show an increasing trend as the ture values. One 
advantage that exponential function is better than hwinters function is that it has prediction values 
which are closes to the real values. But they both have three drawbacks of this prediction. One is that 
in the beginning of the prediction line, the line has a sudden decrease, which is inconsistent with the 
actual ppm values. Another defect is that the prediction line is not a straight line as the line plotted 
by the real values. It has many increase and decrease period. The third drawback is that the predicted 
value at last show an unvariable trend. Although some significant events happen may prevent the 
ppm from increasing, is impossible according to the past data. As a result, the exponential function 
and the hwinters function are not appropriate for the prediction. 

Except the big variation of values that occur in the initial 10 years of the prediction, which is different 
from the data of the real ppm, the dexponential function makes a good prediction. 

As a result, the dexponential function can provide the article with a more reliable prediction. The 
paper will use the dexponential function to make a prediction on the ppm value versus year till 2100. 
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Figure 6. Prediction of the ppm level for next four year using dexponential function. 

3.4 Evaluation and Prediction 

Table 4. The evaluation for different models 

Types of Models MAE R2 

Linear Regression Model 15.38 0.856 

Quadratic Regression Model 0.53 0.953 

Exponential Smoothing model 7.09 0.920 

ARIMA Model 0.37 0.996 

 

According to our group’s calculation of the MAE and R2 of each model. When the model is more 
accurate or more fitted with the true values, its MAE is closer to 0.00, and its R2 is closer to 1.00. 
Comparing all the data of MAE for all models, ARIMA Model has the least MAE. ARIMA Model's 
R2 is 0.996.  

This shows that ARIMA Model is the best model for describing the situation for the true values. 

Next, we predict the ppm values on 2050 and 2100 based on the fitted models. The result shows as 
table. 

 
Table 5. The result for different models 

Year ARIMA Linear model Quadratic model 
Exponential 

smoothing model 

2050 486.7 455.7 500 490.78 

2100 607.7 536.4 685 685 

 

The table shows the forecasted values for four different models: ARIMA, linear model, quadratic 
model, and exponential smoothing model. For the year 2050, the ARIMA model forecasts a value of 
486.7, the linear model forecasts a value of 455.7, the quadratic model forecasts a value of 500, and 
the exponential smoothing model forecasts a value of 490.78.For the year 2100, the ARIMA model 
forecasts a value of 607.7, the linear model forecasts a value of 536.4, the quadratic model forecasts 
a value of 685, and the exponential smoothing model forecasts a value of 685. 

Based on these differences, we can see that the ARIMA model provides the most accurate predictions 
for both years, with the smallest differences between the forecasted values and the actual values. The 
quadratic model also provides relatively accurate predictions, with the second smallest differences 
for both years. The linear model and the exponential smoothing model provide less accurate 
predictions, with larger differences for both years. 
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4. Conclusion 

A reliable forecast of the concentration of carbon dioxide in the atmosphere is important to trace the 
rising process and keep the peak of the global average temperature below the safe upper limit before 
the trend reversal.   

In this paper, we use an ARIMA model to forecast the concentration of carbon dioxide in the 
atmosphere. ARIMA (AutoRegressive Integrated Moving Average) is a popular and widely used 
model for time series forecasting. It is a statistical model that uses past values of a time series to 
predict future values. To ensure the robustness of our suggested model, we also employ linear model, 
Quadratic Regression Model and Exponential Smoothing Model as competing candidates.  

According to our group’s calculation of the MAE and R2 of each model. ARIMA Model is the best 
model for describing the situation for the true values. Finally, we predict the level of the concentration 
of carbon dioxide in the atmosphere. For the year 2050, the ARIMA model forecasts a value of 486.7, 
For the year 2100, the ARIMA model forecasts a value of 607.7. 
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