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Abstract — This article provides a comprehensive summary of the historical trajectories of low-carbon
energy consumption in four major global economies the United States, Russia, China, and Japan from
1965 to 2022. Tracking the evolution of these nations' approaches to low-carbon energy is crucial for
understanding their contributions to global sustainability goals and the diverse strategies employed in
response to changing energy landscapes. In this study, future predictions were made regarding the low-
carbon energy consumption of United States, Russia, China, and Japan between 1965-2022 with the help
of R-based Auto.Arima, TBATS, ETS and THETAF statistical models. Prediction results were evaluated
with the Mean Absolute Percentage Error (MAPE) metric.

Keywords — Low-Carbon Energy, Time Series, R-Based Models

I. INTRODUCTION

The change in the energy system in the world,
which started with the industrial revolution,
continues dramatically until today. Low carbon
energy [1], [2] consumption refers to the utilization
of energy sources and technologies that produce
minimal greenhouse [3] gas (GHG) emissions,
contributing to efforts to mitigate climate change
and reduce environmental impact. The impact of
low carbon energy consumption on the
environment can be substantial and is generally
positive.

Low-carbon energy is generally defined as the
sum of nuclear and renewable resources.
Renewable sources include hydropower, solar,
wind, geothermal, wave and tidal, and bioenergy.
This does not include traditional biofuels.

United States: In the mid-20th century, the
United States relied heavily on fossil fuels for
energy, with coal dominating the mix. Over the
decades, however, a significant shift occurred. The
USA witnessed a gradual increase in low-carbon
energy consumption, driven by the growth of

nuclear power and, more recently, the rapid
expansion of renewable energy  sources.
Government incentives, technological
advancements, and environmental policies played
pivotal roles in fostering this transition. By 2022,
the USA had made substantial progress in reducing
its carbon footprint, with renewables, including
wind and solar, contributing significantly to the
energy mix.

Russia: Historically, Russia has been a major
player in the global energy landscape, primarily
due to its vast reserves of fossil fuels, especially
natural gas and oil. While Russia's energy
consumption patterns have evolved, there has been
a relatively slower transition to low-carbon
alternatives. Nuclear power has been a notable
contributor to low-carbon energy in Russia, but
renewable energy sources have yet to play a
significant role. The country's energy policies have
been shaped by its abundant fossil fuel resources,
contributing to a slower pace of adopting low-
carbon alternatives compared to some other
nations.
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China: China's journey in low-carbon energy

consumption is marked by  remarkable
transformation. In the 1960s and 1970s, coal
dominated China's energy mix, leading to

significant environmental challenges. However,
recognizing the need for sustainable development,
China shifted its focus towards diversifying its
energy portfolio. In recent decades, the country has
emerged as a global leader in renewable energy
deployment. Massive investments in solar and
wind power, coupled with ambitious policy
Initiatives, have propelled China towards a more
sustainable energy future. By 2022, China had
made substantial strides in reducing its reliance on
coal and increasing the share of low-carbon energy
in its total energy consumption.

Japan: Japan's approach to low-carbon energy
consumption has been influenced by historical
events, particularly the Fukushima nuclear disaster
in 2011. Prior to the incident, nuclear power played
a significant role in Japan's energy mix. However,
in the aftermath of Fukushima, Japan underwent a
shift in energy policies, emphasizing greater
reliance on renewable energy and energy
efficiency. By 2022, Japan had made strides in
adopting cleaner energy sources, including solar
and offshore wind, to diversify its energy mix and
reduce carbon emissions.

Il. MATERIALS AND METHOD

In this study, time series, which have a very wide
application area [4], [5], [14]-[22], [6]-[13] , were
used. Low-carbon consumption data of United
States, Russia, China, and Japan used in the
forecasting of time series, were retrieved from the
website https://ourworldindata.org/energy. Low-
carbon energy consumption data graphs for four
countries are given in Figure 1. Low-carbon
energy consumption of the world's largest
economies such as Japan, China, the USA and
Russia covers the years 1965-2022, 1971-2022,
1983-2022 and 1990-2002, respectively. As seen in
Figure 1, Japan has adopted low-carbon energy
consumption since 1965 and continued with an
increasing trend until the 2000s. Then there were
ups and downs from time to time. There were sharp
declines after 2010. This may be due to the nuclear
power plant accident in Fukushima. It then
continued to increase again. China's low-carbon
energy consumption has continued to increase

since 1971. In addition, low-carbon energy
consumption of the USA has been increasing since
1983 and Russia’s since 1990.
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Fig. 1 Low-carbon energy consumption of Japan, China,
USA and Russia between 1965 and 2022

The data used varies by country. Data for Japan,
China, USA and Russia cover the years 1965-2022,
1971-2022, 1983-2022 and 1990-2002,
respectively. The lengths of data for Japan, China,
USA and Russia consist of 58, 52, 40 and 33
records, respectively.

Auto.arima [23], [24], TBATS[25], ETS [17]
and THETAF [17] statistical models were used
using Rstudio. Since time series, each of different
lengths, have a limited number of records,
statistical models were preferred instead of deep
learning models. In prediction analyses, 90% of the
data was used for training and the remaining 10%
for testing. In this case, future predictions of 6, 5, 4
and 3 years were made for Japan, China, USA and
Russia, respectively. The Mean absolute
percentage error (MAPE) [26] metric was used to
evaluate the prediction results. The MAPE is a
commonly used metric for evaluating the accuracy
of predictions in forecasting models. It expresses
the average absolute percentage difference between
actual and predicted values. MAPE is easy to
understand and interpret. It provides a
straightforward measure of the average percentage
difference between predicted and actual values,
making it accessible to both technical and non-
technical audiences. However, MAPE has a critical
limitation when dealing with zero or near-zero
actual values. In such cases, the percentage error
becomes undefined, leading to challenges in
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applying MAPE to datasets with a significant
number of zero values.

I11. RESULTS

Time series forecast analysis was made
separately and under the same conditions for Japan
(JPN), United States (USA), China (CHN) and
Russia (RUS) MAPE test values of the future
forecast results for years are given in Table 1.

Table 1. MAPE test values obtained from forecasts for Japan,
USA, China, and Russia with the help of R-based models

MAPE MAPE MAPE MAPE
R-Models Test Test Test Test

(JPN) (USA) (CHN) (RUS)
Auto.Arima 29.57 2.14 5.70 2.52
ETS 29.65 1.94 7.33 1.57
TBATS 29.12 0.99 3.62 4.40
THETAF 25.88 4.37 23.36 4.14

The graphs of the predictions of the R-based
models used for the predictions of the four
countries are given in Figures 2, 3, 4 and 5 for
Japan, USA, China, and Russia, respectively.
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Fig. 2 Model graphics used for Japan's low-carbon energy
consumption forecast results
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Fig. 3 Model graphics used for United Sates’s low-carbon
energy consumption forecast results
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Fig. 4 Model graphics used for China's low-carbon energy
consumption forecast results
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Fig. 5 Model graphics used for Russia's low-carbon energy
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DISCUSSION

As seen in Table 1, the best MAPE prediction
results for Japan, USA, China and Russia Kingdom
are THETAF (25.88%), TBATS (0.99%), TBATS
(3.62%), ETS (1.57%) respectively.

Since a smaller MAPE value means a better
prediction, among the three countries, the best
prediction was made by the TBATS model with an
error of 0.99%, in other words, an accuracy of
99.01%.

IV.CONCLUSION

In the low-carbon energy consumption estimates
made here, the TBATS model came to the fore
with better performance.

The historical trajectories of low-carbon energy
consumption in the USA, Russia, China, and Japan
from 1965 to 2022 reflect diverse approaches
shaped by geopolitical, economic, and
environmental factors. While the USA and China
have made significant progress in transitioning to
low-carbon energy, Russia's reliance on abundant
fossil fuel resources has slowed its pace. Japan,
facing unique challenges, has adjusted its energy
policies to prioritize safety and sustainability.
Understanding these national narratives is essential
for global efforts to address climate change and
transition towards a more sustainable and low-
carbon energy future.
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