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Disk failure prediction in data centers based on ECA-TCN

ZHANG Mingquan'?, WANG Baoxing'~

(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Engineering Re-
search Center of Intelligent Computing for Complex Energy Systems Ministry of Education, North China Electric Power University,
Baoding 071003, China)

Abstract: With the continuous expansion of the scale of the data center, disk failure has an increasing impact on the sta-
bility of the data center. Current prediction methods still have shortcomings in the face of large-scale, high-dimensional
and long sequence of disk running data. This paper proposes an efficient channel attention-temporal convolutional net-
work (ECA-TCN) model. By combining the advantages of one-dimensional convolution of traditional convolutional
neural network, integrating dilated convolution and residual structure, and introducing attention mechanism, the model
can improve the accuracy and stability of disk failure prediction. In the experiment, the ECA-TCN model is compared
with other classical deep learning methods. The experimental results show that the ECA-TCN model has high accuracy

and stability in the disk failure prediction task.
Keywords: disk failure prediction; long short-term memory network; recurrent neural network; dilated convolution; effi-

cient channel attention mechanism; neural network model; time series prediction; deep learning optimization
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A~ SMART J& ¥ 19 B (8] J7 2145 8., 38 1 5% 25 B
oy T TR ) D 245 5 k), AT B b A R R R P
FRAE R AR . R 2L A&, ECA-TCN H A
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2 FAEALE

2.1 HIEFALIE

AR T 3 4F Backblaze B4 o0 w4 4%
SMART {5 E 445 4, Backblaze B4 4 14010 &
TR OB RS A S bR,
BUUF I B Xt . xR T EE
() SCAAE B, ARG B85 | 38 47 i [a) DA R 45
SMART JEHH S . A SCHE T 3 45 F- ik R
% 15 B RG0S5 STA000DMO00 34 iE 47 75 4% i s
Tou oA, EARE B LR 1.

& 1 Backblaze B HIBEEIBITHESIT

Table 1 Backblaze disk dataset run failure statistics

Hhy BERLEE PRSIl SRR SRR %

2020 18939 1870 269 1.41
2021 18611 2231 339 1.80
2022 18246 2577 633 345

Bt WAk B AR AL R B AR LA
FRAEE R £ | Kos )7 — 46 | 56 T3 sh i 0 R 7
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G| FFROR) (TR (B i ]
MART st e [ ) s

ECA-TCN LSTM) (R T-Hsh
| AL S (- F AR
l P

V-G8
[T

E1 HiEmAERE
Fig. 1 Data preprocessing flow
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o R 22 5 T PR R AT A BREARAS . i n, 2
BERER (6 2 W45 001) A F3E 45 R K (007) X
e S T IR Sk 3 A R A T R L
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M2 32171 T4X (183). UltraDMA (ultra direct memory
access) il I ¥ TER K 5 (cyclic redundancy
check, CRC) 5$i% (199) Flif {5 H I} (188) /R T

B Hh 1 A A B RSE I o RS A I B (184),

AN AT 2 TEAE R (187) MGk 1E A9 B X 14K
(198) $ (L T A S A IR Y 2 A8 bR . S5, UG
PR S WA T H 4 (192) AL (190) $243E T
HPHREGEE . XEEMELEA R T AN
fat R RE AR A, A7 B T 5303k K Bsf 1R 53] AR 3t B A
FIBTE @,

% 2 Backblaze B HIREETHES T

Table 2 Backblaze disk dataset run failure statistics

%% SMARTIEVE#MFR || 4%  SMARTEIEFFK
001 smart_1_raw 012 smart 12 raw
004 smart 4 raw 183 smart 183 raw
005 smart_5_raw 197 smart 197 raw
009 smart 9_raw 199 smart 199 raw
184 smart 184 raw 007 smart_7_raw
187 smart 187 raw 198 smart 198 raw
240 smart 240 raw 188 smart 188 raw
241 smart 241 raw 192 smart 192 raw
242 smart 242 raw 190 smart 190 raw

2.1.3 ZIE)a—1L

T 5[] Jeg P B A AN ) i 1 0 T, RS R
FEOE T fig 3 BRI 25, BEIRPERE o A SCR i
Kix/NH—1E (MinMaxScaler) S £ 88 48 1E 76 AH
7] B30 2, DA TR B 2 2 AT 55 8 4 b 2 FEVE .
XF 4% SMART J& PE 47T HLu Ak -
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B, X 28R B T B/ IMEL, X 2278 B0 1 B
KAH Bl #6471 4% 5005 — 14k, KA 8] 19 s Pk
B A — 43 [0, 1] X [A], A SCtn 2238 17 HAl 1A
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22 ETFEISE OB FEIEER

TE AL PR B P H50H B, — AR 0 R e R el
37 ok A B . B JE ] MinMaxScaler
XPEIE AT AR AL . 2ROk, IR SE I Bl i
MINRE. X TR —17, 8 W3 s 7 =L,
A gt LR RS B . B, XA Td
F, YA BRES N R I ECE i, AR R i P E s 4
B (N=T, N W% . i shea B anEl 2 fros,

X]‘lOl'lTl =

T H

EEENNSNSNENENEEEEN

X)X, Xy X,
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B2 #@zEO
Fig. 2 Sliding window
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T 5 50 o T 7 P e, A A A 26 i W
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WERE 2.23% , HA W 3 il D3R5, i Tl
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I, OF T AP B R 0 A AR AR

ARSCE LT — A RAE RN DB B
BMB|Z KM 10%., ML, SRA T 2 FiEiR:

I R # (over-sampling) {# I SMOTE(syn-
thetic minority over-sampling technique) J7 7 X /%4
RN AT RFE . SMOTE J&— FRfi 47 i 3 R Af
5, X T DBEEREA, BEVLER: 1 A, SRS
M A EAB eS| AN R4, 2, fEX 24
FEAR Z [0 i 2 b BEPLIZERE 1A 51E & sy
A

Xpew = X; + AX (X, — X;)
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