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Artificial Neural Network-based Thermal Environment Prediction
Model for Energy Saving of Data Center Cooling Systems
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Abstract Since data centers are places that provide IT services 24 hours a day, 365 days a year, data center
power consumption is expected to increase to approximately 10% by 2030, and the introduction of high-density
IT equipment will gradually increase. In order to ensure the stable operation of IT equipment, various types of
research are required to conserve energy in cooling and improve energy management.

This study proposes the following process for energy saving in data centers. We conducted CFD modeling of
the data center, proposed an artificial intelligence-based thermal environment prediction model, compared actual
measured data, the predicted model, and the CFD results, and finally evaluated the data center's thermal
management performance. It can be seen that the predicted values of RCI, RTI, and PUE are also similar
according to the normalization used in the normalization method.

Therefore, it is judged that the algorithm proposed in this study can be applied and provided as a thermal
environment prediction model applied to data centers.
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Evaluation of Stroage Engine on Edge—Based Lightweight Platform using Sensor/OPC—-UA Simulator
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Figure 1. Configure CFD airflow with data center and rack
configurations

¥4 43 29 e2dT 4
T e 93 HojE ol
BHAE Y 214
Ta}: Rack 9 #ti
2 7 20% T

50%% WASESE dAsta, 57|+ A-d2 1A

AR 18T ~ 27C Atol= AAsa

fato)

D dlolEAl 74 2 dAeE] dags

dolElAl 74& sp7193l ol WAE AL F
ggich diole ZAAE] WA dolE s At w2l
AV 7bEeks 53K Standardization) W4 3 A4 1f
SH(Normalization)d2]e] o, H# HAAE 918t
T 7 AT e wE 27] dSrde] s
HlEA ShlaL, dAfE] WA A
Adxe Al m2 GPR, SVMS Z7] S|
& vaEAseith duels HAg dAele Th-
ot #74(Gaussian Process)el wW& 4 A4S 7]t
3 FE5EH dugE¢l wlo|xot 2 3K Bayesian
Optimization) &iLe]Fo] AH8-3k3laL, %}JLB]%FLE%
Levenberg-Marquardt Algorithmeo] A
g g gt

A

2) 4374 45 md AA

qErdS vustr] 9kl GPR, SVM, CNN,
LSTM(Long Short-Term Memory)2.2 7331t}
ANN 7% ®d2 GPR¥} SVM 29& Q&e ws
dlolE] WA, a5 dloje] A4 5& 7] Default®
3 13} o] AAsinh & ATl B4 volH
Ag aRHo R T4 F &S CNNF RNN %
° Flatten ¥I5%5 283}

E 1. 0F 2Ho| =J] 4F

Table 1. Initial settings of predictive model

shrebui2]S | Hyperparameters Value
Sigma 6.77
GPR Basis Function pure quadratic
Kernel Function | Squared Exponential
Epsilon 1.17
SVM Box Constraint 11.7
Kernel Scale 1
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results
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x -
9 e MEAFCHSE 3
o} 102 olat2 7|2S utEEy

E 2. Holg Mxz| 2o oEMs
Table 2. Prediction Performance of pre—processing Methods

Method | Norm./ | Normalization/

Stand, Standardization
Cv Train 1.01 0.84/0.33
%] Validation 1.02 0.81/0.79
Test 1.01 0.80/0.79
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