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Abstract

Forecasting the global temperature rising is of critical importance due to its potential
impacts on human societies and the natural environment. Distinguished from previous
methods, we suggest a new method that take the mechanism into account. We propose a
novel two-stage approach to predict the global average temperature in the future. First,
we use mathematical methods to establish two different time series statistical models
(ARIMA and SSM) based on bi-temporal data to predict future COz concentrations.
Second, we model the relationship between atmospheric COz concentrations and then
conduct the model fed with the pre-estimated atmospheric CO:z to predict the
temperatures. We also project future temperature changes under different scenarios of
greenhouse gas emissions. The predicted COz concentration and temperature changes
were compared with the results of the CMIP6 scenarios. Our results are consistent with
the CMIP6 scenario results. Therefore, our models are reliable and capable of predicting
future land-ocean temperatures.
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1. Introduction

Forecasting the global temperature rising is of critical importance due to its potential impacts on
human societies and the natural environment. Global temperature rising is a consequence of human
activities, particularly the burning of fossil fuels, which has led to an increase in greenhouse gas
emissions and a subsequent rise in temperatures. This temperature rise has been linked to a range of
impacts, including more frequent and intense extreme weather events. As the Earth's temperature
increases, it disrupts the natural balance of the climate system, leading to more frequent and severe
weather events such as heatwaves, droughts, floods, hurricanes, and wildfires.

The increased temperature causes more evaporation, leading to more moisture in the atmosphere,
which in turn can cause heavier rainfall and flooding. At the same time, the warmer temperatures also
lead to more evapotranspiration, which can cause droughts and wildfires in areas that are already
experiencing water scarcity. Furthermore, rising temperatures can also cause the melting of glaciers
and ice caps, leading to sea-level rise and coastal flooding. This can have devastating effects on
coastal communities, leading to displacement of people and damage to infrastructure.

The link between global temperature rising and extreme weather events is supported by various
scientific evidences. Hansen et al. (2012) found that the frequency and intensity of heatwaves,
droughts, and floods have increased significantly over the past few decades, and that this increase is
closely linked to the rise in global temperature. Diffenbaugh and Field (2013) used climate models to
project the future frequency and intensity of extreme weather events under different greenhouse gas
emission scenarios. The study found that even under the most optimistic scenario, the frequency and
intensity of extreme weather events will continue to increase over the coming decades. Hoegh-
Guldberg et al. (2018) examined the impacts of climate change on coral reefs, which are highly
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sensitive to changes in temperature and ocean chemistry. The study found that the warming of the
oceans due to global temperature rising is causing widespread coral bleaching and mortality. Coumou
and Rahmstorf (2012) analyzed the link between extreme weather events and the jet stream, a high-
altitude wind that influences weather patterns. The study found that the warming of the Arctic due to
global temperature rising is causing the jet stream to become more wavy, which can lead to prolonged
periods of extreme weather such as heatwaves, droughts, and floods. Seneviratne et al. (2012)
reviewed the evidence for the link between global temperature rising and extreme weather events,
including heatwaves, droughts, floods, and storms. The study found that there is strong evidence for
the link, and that the impacts of extreme weather events are likely to increase in the future. Westra et
al. (2013) analyzed the relationship between global temperature rising and extreme rainfall events.
The study found that the intensity of extreme rainfall events has increased over the past few decades,
and that this increase is consistent with the expected impact of warming temperatures. Donat et al.
(2016) analyzed the link between global temperature rising and extreme heatwaves. The study found
that the probability of extreme heatwaves has increased significantly due to global temperature rising,
and that this increase is consistent with the expected impact of warming temperatures. Zhang et al.
(2018) analyzed the relationship between global temperature rising and the frequency and intensity
of tropical cyclones. The study found that the frequency and intensity of tropical cyclones have
increased over the past few decades, and that this increase is consistent with the expected impact of
warming temperatures. [PCC (2014) reviewed the evidence for the link between global temperature
rising and extreme weather events, including heatwaves, droughts, floods, and storms. The report
found that there is high confidence in the link, and that the impacts of extreme weather events are
likely to increase in the future. Rahmstorf and Coumou (2011) analyzed the link between global
temperature rising and the frequency and intensity of extreme weather events. The study found that
the probability of extreme weather events has increased significantly due to global temperature rising,
and that this increase is consistent with the expected impact of warming temperatures.

Recently machine learning method are wildly used in the literature fed with historical temperature
data and other environmental factors to identify patterns and make predictions about future
temperature trends. Zhang et al. (2021) evaluates the performance of Earth system models in
simulating global temperature changes over the past century. The results suggest that the models can
reproduce the observed warming trend and attribute it to human activities. Li et al. (2020) proposes a
deep learning model that can predict global temperature changes with higher accuracy than traditional
statistical models. The model incorporates multiple climate variables and can capture nonlinear
relationships between them. Wang et al. (2019) presents a Bayesian framework for predicting global
temperature changes based on historical data. The approach allows for uncertainty quantification and
can incorporate expert knowledge into the prediction process. Smith et al. (2018) uses machine
learning techniques to improve the accuracy of global temperature predictions. The results suggest
that machine learning models can outperform traditional statistical models and provide more accurate
predictions of temperature changes. Deep learning methods require large amounts of data and
computational resources to train. Moreover, Suffering from the overfitting due to neglect the insight
into the real mechanism of the problem, Deep learning models are more likely to result in poor
performance on new, unseen data.

Distinguished from previous methods, we suggest a new method that take the mechanism into account.
It is wildly accepted that there is a clear relationship between the concentration of carbon dioxide
(CO2) in the atmosphere and the temperature rising. CO2 is a greenhouse gas that traps heat in the
Earth's atmosphere, and as its concentration increases, it leads to a rise in temperatures.

Literature Shakun et al. (2012) ,Marcott et al. (2013) ,Liithi et al. (2008) ,Fischer et al. (2010), Joos
et al. (2013) ) have used historical data to show a clear relationship between CO2 concentration and
temperature rising. Ice core records show that CO2 concentrations have fluctuated over the past
800,000 years, and that these fluctuations are closely linked to temperature changes. When CO2
concentrations are high, temperatures tend to be higher, and when CO2 concentrations are low,
temperatures tend to be lower.
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In addition, the paper by Collins et al. (2013) provides a comprehensive overview of the use of climate
models to support the relationship between CO2 concentration and temperature rising. These models
simulate the Earth's climate system and allow scientists to predict how temperatures will change under
different scenarios of CO2 emissions. The models consistently show that as CO2 concentrations
increase, temperatures will rise.

Based on these facts, we propose a novel two-stage approach to predict the global average
temperature in the future. First, we use mathematical methods to establish two different time series
statistical models (ARIMA and SSM) based on bi-temporal data to predict future CO2 concentrations.
Second, we model the relationship between atmospheric CO2 concentrations and then conduct the
model fed with the pre-estimated atmospheric CO2 to predict the temperatures. We also project future
temperature changes under different scenarios of greenhouse gas emissions.

The contribution of this paper lies in its innovative approach that combines mathematical modeling
and statistical analysis with the understanding of the underlying physical mechanism of the problem.
We propose a novel two-stage approach that takes into account the real mechanism. By considering
the relationship between atmospheric CO2 concentrations and temperature rising, the proposed
method offers a more accurate prediction of future temperature changes. Furthermore, we forecast
future temperature changes. The projection of future temperature changes under different scenarios
of greenhouse gas emissions which exhibit a potential for policy making about mitigating the effects
of climate change.

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

2.1 ARIMA Model

ARIMA model is a classic time series model that can be used to predict CO2 concentrations at future
time points by applying the ARIMA method to two different time scale datasets. The autoregressive
moving average (ARMA) model, represented by ARMA(p,q), is given by the following equation:

Ve = 01Ye-1+ DoYe—pt- ‘HDth—p +et — 01— Oggp—2 _9q gt—q (D
Alternatively, it can be equivalently represented by:
s[Blyt = 0[Ble; 2)
Where @[B]=1-¢@;B-@,B2%---- -,BP, 6[B]=1-6,B-6,B4.

By introducing "differencing" into the ARMA model, a generalization of the ARMA model was
obtained that includes a large class of non-stationary time series. The simplest example of a non-
stationary process that becomes stationary after differencing is the "random walk". If Vdy, =
(1 —B)Ye, is an ARMA(p.q) process, then the process {yt} is said to follow an autoregressive
integrated moving average (ARIMA) model, represented by ARIMA(p,d,q). The model is written as:

@[B][1 — B]%y, = 6[B]e, 3)

In the ARIMA (p,d,q) model, where ¢t is identically and independently distributed as N (0, 6?), the
integration parameter d is a non-negative integer. When d = 0, the model degenerates into an ARMA
(p,q) model.

In this study, we used MATLAB to perform these tasks. The Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) values were used for parameter estimation.
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2.2 Carbon Sequestration and Storage Model (SSM)

In order to understand the global impact of human activities, it is necessary to depict the global carbon
cycle in its simplest form, as shown in Figure 1.
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Human Activities
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Figure 1. Process of carbon sequestration

The CO2 fluxes between the four storage reservoirs are determined. Mass balance is applied to help
understand the flow between reservoirs in an oil field. Therefore, the growth rate of atmospheric CO2
concentration is represented by the difference between the CO2 sinks and sources in each reservoir.
Specifically, the rate of atmospheric CO2 increase can be expressed as the sum of the net CO2
emissions from the land use change and the fossil fuel combustion, plus the net flux of CO2 between
the atmosphere and the ocean, vegetation, and soil. The SSM model can be used to simulate and
predict the effects of various carbon sequestration and storage strategies on atmospheric CO2
concentration over time.
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Here, ACUMatm refers to the growth rate of CO2 in the atmosphere (RCO2), which is the result of
the difference between the CO2 sources (INatm) entering the atmosphere and the CO2 sinks

(OUTatm) leaving the atmosphere.

ACUMaer = INgey — OUTyemy = (

In order to determine the atmospheric CO2 concentration in year m+1, it is necessary to calculate the
CO2 growth rate (R¢p,), and to calculate the sum of atmospheric CO2 concentrations in year 'm'
according to the following equation:

[Coz]m+1 = [COZ]m + [RCOZ] Q)

where [CO2]m is the CO2 concentration in the base year ([CO2]1994=360.5 ppm in this paper),
[Rco, Jtotal is the growth rate of CO2, m is the base year and m+1 is the next year. Therefore, to

determine the growth rate of atmospheric CO2([R,, Jtotal), the following equation was used:
RCOZtotal = Zk RCOZ,K (6)

where the subscript K represents the flux between reservoirs.

total
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The growth rate of each flux(R¢p, k) is calculated through a time series that follows the theory
presented later. All (R¢o, k) are based on historical records from the measurement stations.

3. Empirical Study

3.1 Data

Data on anthropogenic CO2 emissions were taken from the Energy Information Administration (EIA)
website, that is

http://www.eia.gov/cfapps/ipdbproject/iedindex3.cfm? tid=90&pid=44&aid=8, and the Carbon
Dioxide Information Analysis Centre (CDIAC), http:// cdiac.ornl. gov/ trends/ CO2/.

To obtain data on ocean-atmosphere fluxes, the data of Takahashi et al. (2002) were reorganised.
Data for terrestrial ecosystem-atmosphere fluxes were considered as a function of net ecosystem
exchange (NEE) and forest area (A) per thermal zone (Malhi and Grace, 2001; Houghton et al., 1999).
They are obtained by multiplying these two parameters together:

RRCOZ,EA == NEE X A (7)

Net Ecosystem Exchange (NEE) is the carbon balance between the terrestrial-ecosystem and the
atmosphere. In it, photosynthesis processes are CO2 sinks and respiration processes are CO2 sources.
Houghton (2002) explains these processes. NEE data are taken from experimental data for each
thermal zone from Lindroth et al. (1998), Malhi et al. (1999) and Grace et al. (1995). For generating
the terrestrial ecosystem—atmosphere flux database, it was assumed that each thermal zone presents
a representative type of tree, thus the NEE was considered as a constant value. Nevertheless, due to
land use change, the forest area (A) constantly changed, and this had an influence on the RCO2, EA.
To obtain the forest area for each thermal zone, the data were downloaded and reorganized from the
website of the Food and Agriculture Organization (FAO) (http://www.fao.org/forestry/sofo/en/).

3.2 Model the Level of Carbon Dioxide in Atmosphere
3.2.1 ARIMA Model

Sufficiently large datasets are required to fit an ARIMA model. In this study, two atmospheric CO2
datasets were used for model fitting. As previously mentioned, the development of an ARIMA model
for any variable involves three steps: identification, estimation, diagnostic and forecasting. Each of
these three steps is now explained for CO2 in the atmosphere. Non-stationarity of the mean is
corrected by proper differencing of the data. In this case, first-order differencing is sufficient to
achieve mean stationarity.

Table 1. Autocorrelations and partial autocorrelations

Lag Autocorrelation Std.error Lag Partial Autocorrelation Std.error
1 0.332 0.116 1 0.063 0.125
2 0.264 0.115 2 -0.056 0.125
3 0.257 0.114 3 -0.046 0.125
4 0.293 0.113 4 0.113 0.125
5 0.161 0.112 5 0.073 0.125
6 0.211 0.111 6 -0.000 0.125
7 0.261 0.110 7 0.136 0.125
8 0.162 0.109 8 -0.014 0.125
9 0.279 0.108 9 0.152 0.125
10 0.116 0.107 10 -2.21 0.125
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Now the stationarity of the newly constructed variable, Xt, can be examined. The plot of Xt's mean
is stationary. The next step is to determine the values of p and q, for which the autocorrelation and
partial autocorrelation coefficients of xt at various lags are computed. Using expert modeler, we found
the best ARIMA model for the dataset, which is a non-seasonal ARIMA (1,1,1). The autocorrelation
function and partial autocorrelation function are the basic tools for identifying the stationarity of time
series.

Model validation is related to checking the residuals of the model to see if they contain any systematic
patterns that can still be removed for improvement. This is done for the selected ARIMA by
examining the autocorrelation and partial autocorrelation of the residuals at various lags. For this
purpose, up to 10 lags of various correlations and their significance were calculated and tested by the
Box-Ljung test (Table 1). The results show that none of these correlations are significantly different
from zero at a reasonable level, indicating that the chosen ARIMA model is an appropriate one.

Table 2 shows the goodness-of-fit statistics for the two given datasets. R-squared is an estimate of
the proportion of total variation in the explained sequence that is accounted for by the model. The
closer the value is to 1, the better the fit. The value of 0.95 for the decadal-scale dataset indicates that
the model performs well in capturing the observed changes in short-term data. The model's mean
absolute percentage error (MAPE) is 6.03%, which measures the degree of difference between the
related sequence and its model prediction level. The root mean square error (RMSE), which is the
square root of the mean squared error, is a measure of the degree of difference between a non-
independent sequence and its model prediction level, expressed in the same units as the non-
independent sequence. The maximum absolute percentage error (MaxAPE) represents the maximum
prediction error expressed as a percentage. The results in Table 2 demonstrate the good performance
of the ARIMA (1,1,1) model for both datasets. The fitting accuracy is lower for the millennial-scale
dataset due to its large amount of complex variations and fluctuations.

Table 2. Model fit of the fitted ARIMA model

Fit Statistic Decade scale dataset Millennia scale dataset
R-squared 0.95 0.67
RMSE 4.26 20.35
MAPE 6.03 18.64
MaxAPE 32.67 85.75
Normalized BIC 0.29 0.62
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Figure 2. Future CO2 predictions based on the ten-year timescale dataset
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The final stage of the modeling process is forecasting, which is the main purpose of developing
ARIMA models. There are two types of forecasts: in-sample forecasts and out-of-sample forecasts.
The former is used to build confidence in the model, while the latter is used to generate real
predictions for users. ARIMA models can be used to produce both types of forecasts. The residuals
calculated during the estimation process are considered as one-step-ahead prediction errors. Based on
the ten-year time scale dataset (Figure 2) and the millennium time scale dataset (Figure 3), the next
year (2022-2100) is predicted using ARIMA models.
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Figure 3. Future CO2 predictions based on the millennium timescale dataset
3.2.2 SSM Estimation

To validate the model, Figure 4 shows the predictions obtained from the model and compares them
with the actual data from the CO2 datasetl (1959-2021).
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Figure 4. Comparison of real and modelled data
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Figure S. Predicted atmospheric CO2 concentrations
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Figure 5 shows the projected atmospheric CO2 concentrations for the next 80 years. By 2100,
atmospheric CO2 concentrations will reach 1076 ppm. This projection still suggests that global
carbon emissions will more than double by 2050, with atmospheric CO2 concentrations reaching
around 550 ppm with little sign of stabilisation. According to the scientific consensus, this level of
CO2 could have a significant impact on climate change.

It is important to know how much anthropogenic CO2 emissions should be reduced in order to
stabilise atmospheric CO2 concentrations. According to this SSM scenario simulation, a 40%
reduction in anthropogenic CO2 emissions would result in an atmospheric CO2 concentration of 600
ppm by 2100 (Figure 6).
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Figure 6. Projected atmospheric CO2 concentrations for a 40% reduction
3.2.3 Model Comparison and Precision Analysis

Four models, namely Model I (ARIMA, 10-year scale dataset), Model II (ARIMA, Millennium scale
dataset), Model III (SSM), and Model IV (SSM, 40% future emission reduction) were validated using
post-sample period data. The results shown in Table 3 indicate that Model I has the best fit and
accuracy (largest R2 and smallest RMSE of the four models.) SSM also has a high fit accuracy as its
R2 is 0.91. Model II has the expected relatively low fit accuracy using the millennium-scale dataset,
which has large variability and complex fluctuations. These validations confirm that accurate
predictions are based on knowledge of the past.

These four models were used to project future CO2 emissions for the period 2022 to 2100. These
projections were also compared with the results of the Coupled Model Intercomparison Project
(CMIP6) MIP programme. The Coupled Model Intercomparison Project began in 1995 under the
auspices of the World Climate Research Programme (WCRP) and is now in its sixth phase
(CMIP6).CMIP6 coordinates relatively independent model intercomparison activities and their
experiments that employ a common infrastructure for collecting, organising and distributing the
output of models that perform a common set of experiments. The previous phases of the CMIP model-
generated simulation data have been used in thousands of research papers, and the multi-model results
provide some perspective on errors and uncertainties in model simulations. This information has
proved invaluable in the preparation of high profile reports assessing our understanding of climate
and climate change (e.g. IPCC assessment reports).

The CMIP6 programme MIP is one of the most important sub-projects of the 6th International
Coupled Model Intercomparison Project (CMIP6). These four scenarios that SSP5-8.5, SSP3-7.0,
SSP4-6.0 and SSP2-4.5 of the CMIP6 Scenario MIP were selected for this study.

SSP5-8.5: The updated RCP8.5 scenario, SSP5 was chosen because it is the only shared socio-
economic pathway that can achieve an anthropogenic radiative forcing of 8.5 W/m2 by 2100.

SSP3-7.0: SSP3 was selected because it represents a scenario of sustainable land use change and high
NTFC emissions.SSP3-7.0 represents a combination of high social vulnerability and relatively high
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anthropogenic radiative forcing, which has significant implications for IAM and climate change
impacts, and is important for mitigation and adaptation (IAV) studies.

SSP4-6.0: An updated RCP6.0 scenario for testing the climate impacts of different global mean
radiative forcing pathways.

SSP2-4.5: An updated RCP4.5 scenario that represents a combination of moderate social vulnerability
and moderate radiative forcing because the land use and aerosol pathways of SSP2 are not as extreme
as those of other SSPs, and therefore it is the focus of the Detection Attribution Model Comparison
Program (DAMIP) and the Decadal Climate Projections Program (DCPP) studies.

As shown in Table 3, the lowest future CO2 projections were obtained from Model 11, which predicted
atmospheric CO2 concentrations of 478 ppm in 2050 and 553 ppm in 2100.This is slightly lower than
the results from SSP2-4.5. Of the four models, Model III (SSM) has the largest projection, with
atmospheric CO2 concentrations reaching 1076 ppm in 2100, similar to SSP5-8.5. With a 40%
reduction in emissions, the SSM predicts an atmospheric CO2 concentration of 602 ppm in 2100,
indicating that emission reductions will have a significant impact on future atmospheric CO2
concentrations.

Table 3. Forecast results of the four models and comparing with CMIP Scenarios

Sample period validation Post sample period CO2 forecasts
R? RMSE 2030 2050 2100
Model 1 0.95 0.67 436 504 733
Model II 0.64 20.35 426 478 553
This study

Model III 438 540 1076

0.91 2.35
Model IV 433 492 602
SSP585 / / 450 560 1094
SSP370 / / 440 541 829

CMIP6 ScenarioMIP

SSP460 / / 444 520 636
SSP245 / / 434 492 562

3.3 The Relationship between Temperature and Carbon Dioxide

Many scientists believe that there is a relationship between global warming and the concentration of
carbon dioxide in the atmosphere. In this section, we use decadal and millennial data to analyse the
relationship between temperature and CO2.

3.3.1 Predicting Future Sea-land Temperature Changes based on the ARIMA Model
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Figure 7 (a). Predicted land-sea temperature change
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Figure 7 (b). Predicted land-sea temperature change

First, trends in temperature over time were fitted by an ARIMA model using decadal-scale
observations. The ARIMA model is described in detail in Section 3.

As shown in Figure 7, the ARIMA model performs very well when using post-sample period
projections. Future temperature trends fluctuate, but generally trend upwards, reaching around 2°C
in 2100. By measuring the forecast data, the land-sea temperature change reaches 1.25, 1.5 and 2°C
in 2045, 2060 and 2096, respectively.

3.3.2 Relationship between Sea-land Temperature and Atmospheric CO2
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Figure 8. Fitting temperature changes with CO2 based on a decadal scale dataset
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Figure 9. Fitting temperature changes with CO2 based on a millennial-scale dataset

Based on the decadal scale dataset, the fitted model for the temperature variation with atmospheric
CO2 is: Tc=-3.39+0.01 CO2 (Model 1). The dispersion points and fitted lines are shown in Figure 8.
The accuracy of the fit is very high as the R2 is 0.92 and the RMSE is only 0.08.
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The fitted model for temperature variation with atmospheric CO2 based on the millennial scale data
set is: Tc=-2.40+0.009 CO2 (model 2). The dispersion points and fitted lines are shown in Figure 9.
These results show that when we make a fit, it will be different if we use data from different scales.
In addition, when we fit data on large time scales, the accuracy is lower because there are significant
fluctuations before the millennium.

3.3.3 Fitting Future Temperature Changes with Different Models of CO2 Forecasting

Both model 1 and model 2 were used to predict future temperature changes. The results are shown in
Figure 10 (a) and Figure 10 (b). The future CO2 data used in both models were extracted from the
four model forecasts in Section 3. Figure 10 (a) shows the fit results from model 1 and Figure 10 (b)
shows the fit results from model 2. Model 1 was developed from a ten-year scale dataset and Model
2 was developed from a thousand-year scale dataset. As shown in Figure Figure 10 (a) and Figure 10
(b), the results from Model 1 and Model 2 have similar future temperature trends, while the results
from Model 2 are slightly lower than those from Model 1 when using the same CO2 data.
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Figure 10 (a). Predicted future temperature changes from model 1 (a)
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Figure 10 (b). Predicted future temperature changes from model 2 (b)

In Model 1, the temperature change in 2100 would be 3.94, 2.14, 7.37 and 2.63°C when using
predicted data from Models 1, 2, 3 and 4, respectively. In Model 2, when using the predicted CO2
data from Models I, II, IIT and IV, the temperature change in 2100 would be 3.72, 2.21, 6.60 and
2.62°C, respectively (Table 4).

When comparing the projected temperature change results with those of the CMIP6 scenario, the
CMIP6 results have slightly higher temperature projections in the first half (2030, 2050) than the
models in this study. Coincidentally, Model 4 has the same temperature projections in 2100 as SSP2-
4.5.

When comparing the predicted temperature change results from the CO2 fitted model with those from
the ARIMA model in Section 4.1, the ARIMA model has a lower temperature prediction than the
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CO2 fitted model, which predicts a temperature change of approximately 2°C in 2100, similar to the
results from Model 1 using the Model I CO2 data.

Table 4. Fitting future temperature changes with CO2 predictions

Global temperature change (°C)
2030 2050 2100
Modell Model2 Modell Model2 Modell Model2
Scenario 1 0.98 1.23 1.65 1.80 3.94 3.72
Scenario 2 0.87 1.14 1.39 1.58 2.10 2.21
Our .

work Scenario 3 0.99 1.24 2.01 2.10 7.37 6.60
Scenario 4 0.95 1.21 1.53 1.69 2.63 2.62

ARIMA 1.02 1.30 1.97

SSP585 1.67 2.60 5.04

SSP370 1.60 2.20 4.02

CMIP6
SSP460 1.54 2.12 3.24
SSP245 1.50 2.00 2.62

4. Conclusion

In this paper, we have investigated the prediction of future trends in atmospheric CO2 concentrations
and the relationship between temperature change and atmospheric CO2 concentrations.

Based on our models, we concluded that the increase in CO2 in March 2004 resulted in a larger
increase than that observed during any previous 10-year period, but that this larger value was not
statistically significant and that a larger increase will occur in the future.

All models disagree that CO2 concentration levels will reach 685 ppm by 2050. Model I predict that
future atmospheric CO2 levels will reach 685 ppm by 2092, Model III predicts that future atmospheric
CO2 levels will reach 685 ppm by 2070, while Models II and IV will never reach 685 ppm before
2100.

We consider the results of Model II (ARIMA for the Millennium-scale dataset) and Model IV (SSM
model with a 40% reduction in mitigation rates) to be more reliable. This is because we believe that
future CO2 concentrations will not continue to increase rapidly for a long time to come, as many
countries have now implemented mitigation policies and CO2 concentrations will fluctuate with the
environment on a millennial scale.

An ARIMA model was developed to predict future land-ocean temperature changes. The results show
that the sea-land temperature change reaches 1.25, 1.5 and 2°C in 2045, 2060 and 2096, respectively.

Based on a decadal-scale dataset (Model 1) and a millennial-scale dataset (Model 2), two models
were developed to analyses the relationship between CO2 concentration and sea-land temperature
since 1959. Both models show a good relationship between temperature and CO2 concentrations.

Our results are within the range of the MIP results for the CMIP6 scenario, and some results are in
good agreement with some CMIP6 scenario results. Therefore, we believe that our models are reliable
(especially Models II and IV) and have the ability to predict future CO2 concentration levels and
land-ocean temperatures.
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