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Data Collection and Feature Analysis of Server Energy Consumption in Data Center
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(1. School of Computer Science and Technology, Nanjing University of Posts and Telecommunications, Nanjing 210023, China;

2. Jiangsu Key Laboratory of Big Data Security and Intelligent Processing, Nanjing 210023, China)

Abstract: The problem of high energy consumption and low energy efficiency of data center has been pard
extensive attention to and investigated by researchers. However, there is no public dataset of server energy
consumption for researchers to use, and current filter feature selection can not satisfy requirements of
engineers. Here, a simulation environment architecture is proposed to simulate the running state of servers
in the data center. Based on the proposed architecture, performance parameters and energy consumption
data of server are collected when the server as running various tasks. Causal feature selection is applied to
the feature analysis of energy consumption datasets, and thus an interpretable feature subset is constructed
and the energy consumption forecast results are obtained. Experimental results show that the size of causal
feature subset is about 1/3 to 1/6 of the size of filter feature subset, and the model trained with causal
feature subset achieves the optimal prediction accuracy in 75% of the cases.
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Table 2 Feature naming and physical meaning

FRIEZE FRAE A 24 W X
cpu-i-system 5 0% CPU A T N AZ S 1 B[]
cpu-i-nice 55 (4% CPU b BT P HE 72 (14 ) (1]
cpu-i-steal 55 i4% CPU AL THE B A RF RS 1Y B )
CPU cpuri-softirq 55 i 4% CPU &b B 4K rp K7 1% B[]
‘ cpu-i-idle 55 i 4% CPU 55 N 1Y i ]
cpu-i-user 5508 CPU b3 P B P 3 7 1 B[]
cpu-i-wait 55 0% CPU 45 10 #4E 1 f [a]
cpu-i-interrupt 55 (A% CPU 4b AT v W7 (1) 5 (7]
memory-free RGAM Y RAM
memory-used RGO Y RAM &
. memory-cached R G WG AF 9 P B RAM
Nt memory-buffered I 8 W 7 B
memory-slab_recl Slab AJ [E 1Y) RAM &
memory-slab_unrecl Slab A #] B[ /) RAM 1
disk-i-ops_read 551 BRGS0 SRR E B
disk-i-ops_write o B T PR
disk-i-time read 5 R A Y T2 4R AE 5T A A 24 1 [
disk-i-time _write 55 ¢ HURE B0 5 R AE S8 LN T X e i)
disk-i-merged _read S5 RGBT DL OE R SRR A
g % disk-i-merged_write B g S ] LGS IR IS B RS
disk-i-octets_read 55 T YR 0 LR A S T AR
disk-i-octets _write B 1 OGS R AE S AL
disk-i-io_time S5 1 LB A Y 2 [
disk-i-weighted _io_time 5 TR S A B B I [E]
disk-i-pending 55 1 HURE I A 58 R S AR A
if-eth-errors-rx T DA K PS4
if-eth-errors-tx 3 gk LA A 19047 i 100 4 15, A
- if-eth-octets—rx 3 2k LR P AT 38 ) - B A
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if-eth-packets—rx T DA K 19 WA 3 g Al SR A
if-eth-packets-tx 2ok DA 190 A2 fi ) 4 S
ps-fork _rate FE R 2l Lok B 1 i R L
ps-state_running b T B ATIRAS 1 AR AL
ps-state _sleeping A T B AICER 2 B 0 A
piig ps-state _stopped b T4 1R RS Y i R A
ps-state_blocked Ak T BH 2R 2 ) 1 AR A
ps-state_paging Qb T4 RS 1 R R
ps-state_zombies Ab TR T B BE AR AR
HEFE power it 55 4 HE AR
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Table 3 Statistics of raw dataset

BRI Ry 1 s, AR 2 51 H B 8 AR FH: A 35 BAGITE S FEAKL RHAR/s RR
o br A T 3% 159 AN FRAE , 153 2 1 Jit 4 4 4R 4t ffimpeg 71341 1 159
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B CPU % 82 BT 55 15 21 19 8 4 L we98-44 il w9867 158 159 1 159

wc98-67 43 3l & 1 1] World Cup 98 55 7 J& #4510
JE B AR AL 2% 1/ O %5 BT 5575 31 1 B0 4
F B SR A 0o B T AE A R O BT

F4 WBEHBEESRITER
Table 4 Statistics of processed dataset

— MM REFEE AR T R FE RSB, Mo 4 FEA S FAER /min FRIER
PR e A SO TR R B AR AT T 1 RN 60 s 1Y ffmpeg 1189 1 159
ANH ST BT W AR b S B B R S HE B wc98-44 3405 1 159
W4 TR o AR SCORE X kb 3RS (% B30 4 E 17 RRAE wc98-67 2635 1 159

AR TES PO N A 8
3 KB5S

3.1 BEEEX
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A 20 R 42 B 1 IR 55 2% N IAE bR (G 4G BB AFE(E ) 2, [ /] € RFEIR (BT ZIRAE B M IR 55 48 55 i Wi debn , A E K
BEA PRI LB PO X = {2, , 2, =+, 2, ), HARJZE TN T — W MBI BEAEME Y = { =, [power ]},

FEA WA H A (DS A BRI P AL 5 08 R AR 7 8 SE AT X F 360 PR R AR 1 B 19 5 21
PE 5 (2) 456 BRI 7 B0 A AL 43 550 458 2o ol =R 5 7 AR O &R 0 R AE - B2 AT U 2R 3, 38 ik A
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3.2 XWigE
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Rz IR b AH 56 22 80 0 B2 R 8 A5 S A 5¢ B BRI Hiton-PC 33 MEAT R AE 16 % , R SCI% e BB M 0.8, 35 4%
TIE R0 RE A 18] 1 B IR 3h A DG 8 Bl 0 Bz 7R 2 55 GOM 06 3 B0 4 XTHE R T 55 T B8, WHZRRE 5 RE AR 2
SR AHOCHY , HitonPC 535 v 1 THE R ITARHAE B9 S8 MR RRAE T2 IO/ BEE N 3.

BF P F0 T 2 5 AR SC 3.1 1 X T AR AR 0 ) R Y S, AR SCBE I 0N A B AR 2 AR A i
10 min Y I3 52 80 B0 /S 1 min 9 REAE , B8 E K 10 g S P 9 X = (=, .2, . oh2, - H
P 2 PO T — I ) A REFEME Y = (=, [ power ]}, ot AJ2 AT B 4 I ) 38

HL#% 2% > B R J7 1T« AR SCk ] DT L B ML A% Ak (Random forest, RF) 4 %6 11042 9 %% (Long short-
term memory network, LSTM) Fl i ¥ % FL R 2% ( Temporal convolution network, TCN) X 4 4~ % H F %
) AT 45 (A AL, Horh DT M RF fd ] Sklearn'™ 52 81, LSTM Al TCN i J§ Pytorch™ 52 31, LSTM #1
TCN LA 3 0.01 125 300 W o Ay RIE T & BLPE , BT A7 B B AL BSORD T 1 B 7

PEAA 8 B 5 T 2 A SC e FH - 34 45 X6 5% 22 (Mean absolute error, MAE) F1H — {634 77 # 1% 22 (Normal-
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PIREREME . n RN FEARKL , 0, 7R y IBRIEZE IS 4 MAE Hl nRMSE 9 %527 4t 34

MAE:inZ*j/,‘ n (3)
Sy 5
nRMSE = :1771 o, (4)
3.3 ERERRIM
508 5 TN [FARAE SE 48 570 16 34 S 4 25 BETFEAM
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Table 5 Size of feature subset

s & Pearson  Spearman Chaos Hiton-PC

bt e 4 fimpeg 25 28 15 5

BN 2t U 2R E T AN 1/3~1/6. i ) ’
i , o we98-44 33 35 15 6

TR A FRAE T 4 K/ 3, A I Hiton-PC 835 1) _
wc98-67 30 25 15 5

S H I A 26 R O (| N|-| PC "), Ny T 4R 54
B, PC Hy R FARAE T8 K/
P CPU % £ BUAT- 55 Ry 5], ¢ 6 511 26 T Hiton-

PCRILTE fimpeg B 48 b #4 d i RUR FRAE T4
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Table 6 Causal feature subset of ffmpeg data set

Hrh epu-0O-idle . cpu-2-idle 1 cpu-3-idle 43 Bl F /= FPAE 45 75 ke
5 0/2/3 8 CPU H25 IR I ] .45 i %% CPU 18 47 cpu-O-idle 55 04% CPU 25 [R (1 i 1]
W T8 4 cpui-time, 11 CPU F9 25 [ B ] 5 cpu-2-idle 55 28 CPU 25 IR A I ]
CPU By 1% S 85 41 . i epu-3-idle 55 34% CPU 25 [/ iy 1 [
cpu i idle ps_state-stopped b T4 1R RS Y i R A

cpu_i_usage = (1 — M) X 100% (5) power file 55 4% Ae #E
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I FAF RS W R = AR TR ZRBAE . 45 A 8T A, T HUE 4E (fmpeg J& 78 il 55 Ui 17 2232 17 FFm-
peg Bl CPU % F2 BUAE 55 R AT 5], W 4R CPU £ 77 A KAt RBAE ; 1A, i T FFmpeg (A B Wi iz 17 25 %
HARG N HABAT 55 AU HEE , IR 55 3 o 130 s X S HE AT 55 1) 0 BEAF B 2 AR 9 KA REUR , A Utk Hiton-
PC Bk H (0 PR SR AR AR 4R 2 A B0 , OF H 78 00 R W th FH P A 55 i R o T ek B SRR AR AR N BR T
R SAERAE SR, 840 2 T 3% A cpu-O-nice . cpu-O-user Fl cpu-2-nice 2§ 20 24~ TUAYRFAE 5 18 FH 1Y BEFE K5 1E
£E 4 Chaos /& LI IR 55 25 2 d5e /NS AG 1Y), 015 X 43 AN TR 04 FH P AT 55, DR TRDRE A7 26 TU AR RRAIE

R TICFE T ANBEIIAE 3K b 53 5IE 5 AR+ B2 U 25 5 76 DU a4 1 A T moms 28 . ik
KA B R ARIE T VI ZR A BB AE 75 % 4G &0 T BURS T s O TUIORS B2, 78 53 4h 25 %6 B9 &L R
WG B2 Ao 7 AT #5252 9 B N o 456 3R 540 A, A IRV AR AIE 1 4 /Nt /D T i =R E 7 4 KV (H
PR B2 ANl S 1 3¢ 3% W D SR ARR AR R 2 A 200 AR K el T 4R AiF AR A T BR FTRE R B T A
LYEREPS I

4546 we98-67 Fudn AL HAK 30, B 3~T7 A A RIAFIEF VI ZR LSTM iyl & M 2k . 7EReFEth £k
HIF B, 5 /R AE 22 i LG RO AL . A RBAFE i 465 2 B, BEFE T IR BE SR 22 TH I, HA DR SR AR AIE 4
A Ry WG 17 b R I S i e A Ak T LA AR AR T AR ) SR A S T A i R i BE TR AR . X ORI R TR R
TEAE— R LTI TR R R AR AR R AL R AR, S S TPt & F B A R AT E . B8
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Table 7 Model forecast results
Viethod  Metric ffmpeg wc98-44 wc98-67
DT RF LSTM TCN DT RF LSTM TCN DT RF LSTM TCN
MAE 6.035 4.352 1544 48.98 0.995 0.727 0.794 33.71 1.438 1.021 1.335 31.67
Al nRMSE 0.672" 0.478 1.431 3.372 0.479 0.354 0.389 12.21 0.912 0.659 0.901 11.43
MAE 6.141 4.297 4.650 48.98 0.960 0.738 0.728 0.937 1.286 1.026 0.969 31.67
Pearson nRMSE 0.741 0.487 0.504 3.372 0.471 0.360 0.359° 0.521° 0.844 0.671 0.615 11.43
MAE 5879 4.228 4.476 1243 0.971 0.741 0.742 2.142 1.303 1.008 1.218 31.67
Spearman nRMSE 0.723 0.517 0.537 1.011 0.476 0.360 0.371 1.003 0.892 0.663 0.901 11.43
) MAE 6.641 4.389 5.880 11.781 0.994 0.689 0.780 2.169 1.410 1.099 0.908  3.090
(haos nRMSE 0.733 0.456  0.709 1.058 0.482 0.341 0.384 1.008 0.947 0.763 0.531 1.222
) . MAE 6.498 3.971 4.385 5.511 0.923 0.681 0.756 2.130 1.022 0.818 0.691  0.689
fion P nRMSE 0.751 0.415" 0.461° 0.554" 0.455° 0.338" 0.379 1.001 0.516" 0.440° 0.331" 0.344"
T+ RR I B B9 nRMSE, #+38 J AR 4 B iR LAY nRMSE .
MAE = 1.335, nRMSE = 0.901 MAE = 0.969, nRMSE = 0.615
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Fig.3 Fitting curves based on all features
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Fig.5 Fitting curves based on Spearman features
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Fig.4 Fitting curves based on Pearson features
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Fig.6 Fitting curves based on Chaos features
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MAE = 0.691, nRMSE = 0.331
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Fig.7 Fitting curves based on Hiton-PC features
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Fig.8 Loss curves of LSTM on wc98-67 data set
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