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Abstract 
With the development of economic globalization, climate change is profoundly affecting 
almost all aspects of life on the earth, including human society, economy and health. A 
wide range of human activities contribute to significant greenhouse gas emissions, 
including data centres and other sources of large-scale data calculations. Generally 
speaking, the larger the model, the greater the computational demand, which will 
consume more energy, which will eventually translate into an impact on the 
environment. Using machine learning method, this paper proposes a method to estimate 
the carbon emission of data center by least square support vector model, based on 
processing time, type of computing core, available memory and efficiency of computing 
facilities. At the same time, it puts forward a series of suggestions to reduce carbon 
dioxide emissions, and looks forward to the future development trend of data centers. 
This paper hopes to improve environmental awareness and promote green development. 
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1. Introduction 

1.1 Research Background 

Greenhouse gases in the atmosphere have a tremendous impact on climate change, with global and 
local consequences. With the continuous development of economic and social civilization, the 
progress of computers in human society, including the progress of hardware, software and algorithms, 
makes scientific research develop at an unprecedented speed. Among them, data centers and high-
performance computing facilities have made great contributions to climate change. 

Data centers store electronic information such as e-mail, photos and videos. Globally, they consume 
3% ~ 5% of the global total electricity, and form a direct competition with the aviation industry in 
terms of carbon emissions. China's data centers generated 99 million metric tons of carbon dioxide in 
2018, equivalent to the emissions of about 21 million cars driving on the road, and in 2019 China's 
data center industry became one of the largest industries in the world, consuming only over 2% of 
China's electricity last year, according to a report. 

China has a population of nearly 1.4 billion, and the demand for data storage is growing rapidly. 
According to relevant forecasts, the energy consumption of China's data centers will increase by two-
thirds in five years, and the power consumption will reach 267 terawatt-hours in 2023, exceeding the 
total consumption of Australia in 2018. At present, China's data centers rely on 73% coal, 23% 
renewable energy and 4% nuclear energy. Greenpeace says 16 million metric tons of carbon dioxide 
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emissions could be avoided if renewable energy grows to 30 percent by 2023, which is equivalent to 
10 million flights to and from the Atlantic. Therefore, reducing carbon emissions in data centers has 
become a hot issue with important research value, which has attracted the attention of scholars all 
over the world. Because the carbon emissions generated by data centers play an important role in 
China's carbon emissions, it is of great practical significance to study the carbon emissions of data 
centers for the green development of the country. 

1.2 Research Status at Home and Abroad 

There are many related strategies for carbon dioxide emission in data centers in the world. Reference 
[1] puts forward a strict model to quantify carbon footprint, study the relationship between FL design 
and carbon emissions, and integrate FL carbon footprint with traditional centralized learning Row 
comparison. Literature [2] introduces a framework, which provides a simple interface to track real-
time energy consumption and carbon emissions, and generates standardized online appendices. Using 
this framework, it creates an example for energy-saving reinforcement learning algorithm as other 
machine learning fields to reduce carbon emissions and energy consumption. Literature [3] from the 
perspective of environment, It is pointed out that several key aspects of training neural network have 
great influence on the amount of carbon emitted, These factors include the location of the server used 
for training and the length of the training process. In order to estimate these emissions, a machine 
learning emission calculator is designed to better understand the impact of training machine learning 
models on the environment, so that practitioners can take actions to reduce carbon emissions. 

In recent years, machine learning technology has been widely used in China. This method overcomes 
the defect of insufficient accuracy when traditional methods deal with massive data, variable relations 
and complicated problems to a great extent. Many domestic scholars have applied machine learning 
methods, such as BP neural network and support vector machine, to reduce carbon dioxide emissions. 

This paper synthesizes the research status at home and abroad, Firstly, the influencing factors of 
carbon emission in data center are analyzed, From the core power consumption of computing 
technology, power acquisition from memory to memory power consumption, a prediction model 
based on LSSVM is established. From the analysis results, the carbon emissions of data center are 
well predicted, and the measures to reduce carbon emissions of data center and the future development 
trend of data center are put forward. 

2. Selection of Influencing Factors of Carbon Dioxide Emission in Data Center 

In this paper, we will calculate the CO2 emission of data center. The influencing factors are the 
number, type and processing time of core CPU or GPU, the amount of runtime memory and the power 
consumption of these resources. These factors further include the efficiency of the data center and 
how much extra power is needed to run the facility. 

2.1 Computing Core Power Consumption 

The metric commonly used to report CPU or GPU processor power consumption is its thermal design 
power consumption, which is provided by the manufacturer. TDP values typically correspond to CPU 
specifications that contain multiple cores, so here TDP values are collectively planned as a direct 
measure of consumption. The power consumed by the processor is the power consumed multiplied 
by the processing time, and then multiplied by the usage factor. The processing time cannot be known 
in advance, and large-scale tracking is impractical on some platforms. So when this processing time 
is unknown, let's make a simplified assumption that core usage is 100% run. 

2.2 Capturing Power from Memory 

Memory power is mainly due to the workload consumed in the background and the contribution of 
database size is negligible. The power consumption is mainly affected by the total memory allocated, 
rather than the actual size of the database in use, because the load is between all the memory, which 
leaves each slot in a power-consuming active state. Therefore, the main factor affecting memory 
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power consumption is the amount of memory transferred, and only the power consumption per 
gigabyte needs to be estimated. 

2.3 Memory Power Consumption 

The company of storage devices varies with different workloads. In normal use, storage is usually 
much less than memory, and is mainly used as a more permanent record of data, independent of the 
current task. Although the researcher's expense for approximate storage use may be very energy-
consuming, it is unlikely that it will have a significant impact on the estimation of greenhouse gas 
emissions. Therefore, the power consumption of storage can be ignored. 

3. Establishment of LSSVM Model and Analysis of its Results 

3.1 Construction of Carbon Dioxide Emission Prediction Model of Data Center based on 
Support Vector Machine 

Least Squares Support Vector Machine (LSSVM) is a support vector machine (SVM) under quadratic 
loss function, which is a widely used machine learning method for short-term prediction. It uses the 
statistical learning theory of small sample data to find the optimal linear regression in high-
dimensional feature space. Through hyperplane regression data model, the basic idea comes from the 
optimal separation of hyperplane-maximizing separation and using kernel function learning method. 
It is the concrete realization of the principle of structural risk minimization in statistical learning. 

The specific steps of LSSVM method are as follows: constructing training sample set, selecting 
nonlinear mapping function, mapping data from low-dimensional space to high-dimensional space 
according to the mapping function, and constructing optimal decision function in high-dimensional 
space. The regression model of LSSVM is expressed as: 

 

𝐺 = 𝜆𝜙 + 𝑏 

 

𝜆𝜙 Where is the weight coefficient vector in the feature space, b is a constant, which is the mapping 
from low-dimensional space to high-dimensional space. The optimization problem of LSSVM is as 
follows: 

 

𝑚𝑖𝑛𝐽 =
1

2
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According to Kuhntucker (KKT) condition, the following equations can be obtained: 

 
∑   𝜆 =0 

𝜆 = 𝐶𝑀 

𝜆 𝜙 + 𝑏 + 𝑀 + y = 0 

𝜆 −   𝜙 𝜙  = 0 

 

After solving the above linear equations, the least square support vector machine model can be finally 
expressed as follows: 
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   F(x) =   𝜆 𝐾(𝑥, 𝑦) + 𝑏 

 

In this article, we use radial basis functions to implement kernel functions: 

 

𝐾(𝑥, 𝑧) = −𝑒𝑥𝑝[
|| || 

] 

 

The decision function can be obtained by solving the above equation. 

3.2 Results Analysis of Carbon Emissions in Data Centers 

In this paper, the number, type and processing time of core CPU or GPU in runtime calculation are 
selected as the factors affecting carbon emissions in data centers. The data of power consumption and 
total carbon emissions of CPU and GPU are shown in the following figure: 

 

 
Figure 1. CPU and GPU power consumption 

 

It can be seen from the figure that CPU and GPU consume almost the same power, and the data center 
emits a large amount of carbon, with the total carbon emission reaching 12435kg. 

The prediction error of support vector machine prediction model is shown in the following table: 

 

Table 1. Carbon emission forecast data 

 
 

From the prediction results in the table, it can be seen that the prediction model of carbon dioxide 
emission in data center based on support vector machine has higher accuracy and stronger 
approximation ability for nonlinear relationship of small samples. It shows that support vector 
machine has significant advantages in high-dimensional small sample prediction, and it can also be 
seen that with the national advocacy of green and low carbon, the carbon emissions of data centers 
are also declining. 
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4. Measures to Reduce Carbon Emissions in Data Centers 

4.1 Smart Choice of Cloud Providers 

In recent years, many cloud service providers have set sustainable development goals, and data 
centers have greatly reduced their carbon footprint. In an effort to be carbon neutral, they use a lot of 
renewable energy to power their data centers. For example, all Apple's data centers are powered by 
clean energy, and its new center in China will also use some renewable resources. At the same time, 
in order to achieve carbon neutrality, Google Cloud Platform and Microsoft are also funding some 
renewable energy projects, and some of their data centers are also powered by renewable energy. 

Another major energy consumption factor for server installation is the central energy efficiency 
hosted by GPU, which represents the percentage of energy consumption for cooling, power 
conversion and other auxiliary tasks, and may vary greatly. For example, the average energy 
efficiency of Google Cloud Service is 1.1, which means that only 11% of the total energy 
consumption is not used for the server itself, and this proportion has been steadily reduced through 
reinforcement learning. 

4.2 Reasonable Choice of Data Center Location 

Although many cloud providers are carbon neutral, some of their data centers may still be carbon-
intensive because they are connected to the local power grid, while other cloud providers are low-
carbon and only powered by renewable energy, so choosing the right data center location has a great 
impact on carbon emissions. 

4.3 Choosing More Efficient Hardware 

The choice of computing hardware will also have a significant impact on the carbon emissions of data 
centers. Compare between different devices. It can be found that the efficiency of CPU is ten times 
lower than that of GPU, while the efficiency of TPU 3 is 4 ~ 8 times higher than that of GPU. 

5. Conclusion 

Climate change is profoundly affecting almost all aspects of life on the earth. The carbon emissions 
of data centers are predicted by LSSVM method, and it is found that although the carbon emissions 
of data centers are very high, the carbon dioxide emissions begin to show a downward trend. With 
the advocacy of national policies, data centers are developing towards green and low-carbon trends 
such as intelligence, diversification, service and large-scale virtualization. 
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