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A Survey of Server Energy Consumption Models in Data Center

WANG Dongging, LI Daotong, PENG Jiyang, YE Fenghua, ZHANG Binghui

(Inspur Electronic Information Industry Co. . Ltd. , Beijing

100085, China)

Abstract: With the rapid development of cloud computing, the increasing demand for server energy consumption in data centers

leads to crucial economic and environmental issues. Reducing the data center energy consumption is of great significance to save the

operating cost of data centers and realize the global “double-carbon” strategic goal. Therefore, the construction and prediction of serv-

er energy consumption models at different levels become a research hotspots in recent years. Accordingly, the relevant work of server

consumption models is systematically summarized from two levels of hardware and software. At the hardware level, the overall ener-

gy consumption models of the cloud server are classified from the additive models, models based on system utilization rate and other

models. Meanwhile, the energy consumption models of the server components are also summarized, including the CPU, memory,

disk and network interface. At the software level, the server energy consumption models are summarized according to the category of

machine learning, such as supervised learning, unsupervised learning and reinforcement learning. Additionally, the advantages,

shortcoming and suitable scenarios of different consumption models are also compared, which prospects the future research directions

of consumption models.

Keywords: cloud computing; data centers; energy consumption models; supervised learning; unsupervised learning; reinforce-

ment learning
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