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An Anomaly Detection Method for Nuclear Power Storage Batteries Based on TCN
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Abstract: In the production and operation of nuclear power plants, lead—acid battery packs play a vital role, which can ensure the normal op-
eration of key equipment instruments and control systems when the reactor is shut down normally or in the event of an emergency. Due to the
long—term operation of the battery, the reliability will be reduced, but the maintenance cost of replacing the battery pack regularly is high.
Therefore, an anomaly detection method based on temporal convolutional network was proposed. Firstly, the long—span feature extraction of
historical voltage data was carried out by combining the large—kernel depth convolution structure and the deep point—by—point convolution.
Secondly, the cross—layer connection feature of the residual convolutional layer is added to speed up the model training speed and avoid the
gradient explosion caused by too deep layers. Experiments show that when the size of the convolutional kernel is 2 048, the model has the best
performance, with the accuracy, precision, recall and F1 values of 96.5%, 93.5%, 80.2% and 86.3%, respectively, which can process the
key data of the battery in the long—term window in parallel, accurately identify the abnormal battery for single—cell replacement, so as to re-
duce the maintenance cost and improve the economic benefit.
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Fig.1 Battery voltage anomaly detection method based on TCN
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Fig. 3 Residual connection convolutional layer
B3 KEEEERE

SR, TCN T I F) — 4> 32 B Pk R SR 2 B (Effective
Receptive Field, ERF) 52 BR , A5 B0 7 W e 4l KK 0
S (] A5 PE D7 T B BE 3 B2 2% o it R T MICN | Ti-
mesNet 5 — R VPR, 380 18 A [6] 19 25 BTk Fe s Al
(1018832 T, fire e 0 30 I vl 14 2 2 o 202t

B 10 B2 I B AY Transformer 1Y & i | R BE 2 WF 57 42
T N-BEATS .informer 55 3% F 71 & 1 HIL il 19 B 77 4T 55 )
2% , BRSO BL T 91 g S0 A S S e 0 A8 TR B
P22 I 2 (ELIZ SR AR B IR X TR M, S0 I A O
RS A8 720 64047, Toik i J e g sk 222
23 REZRRSER

TE FAGAT 55 40 3k, IR )& 45 B (Depthwise Convolution,
DWConv ) FliZ = #: 4 (Pointwise Convolution, PWConv ) i H
AETEA BRI T ST SRR R SR AR ). PRI,
V4 2230 18 A5 AR IS B A ], i o 26 38 4o 3 1 Sy A
TR 2 S BUS RIARIE IR 2 i T e A b Dy R
FEH R o, [ 2 2] K 4 HcHis 1 5 I ) B A% 6 4R
1O R BBOME , A 1 38 3 A% 52 1 DW Conv A0 FRYR A5 728 1 25 Ji
MERAEIE . A, AL SR DW Cony , 2iCA SE il 1o
REBIZAL PEIRE , FE R R AT 2 A B RIs 5, LAl
L2 2T B A B B I (] P 410 68 B ) A 1, G 5T 4
Jis o Horb, KA R T 1S A A 252 5, 12 7 Ik i) A5
A, R REAT R3] 43 o T A5 5 0 B A R U 394 5 4 AF DG A
K, XREY e B B A BRSO 4 I TR BCHE AT 55
WA PRI 7 ) N IAE— € FEEE bl /b 7RI A2
7S e

Large Convolutional kernels
Time - series Inputs

Hidden Layer Feature Maps
|||||| 1

Pointwise Convolutional kernels

Feature Maps
Fig. 4 Large kernel depthwise separable convolution

B4 KXiZREZRER

I Ah A ST £ 7 3 1938 5546 A (PW Conv) HH B 1
A 5 A 2 W 2% (Convolutional feedforward network, Con-
vEFN)ZH . ConvFFN 23 & 1 HLiH 455 5 (Transformer ) 22
a4 728 A T %, 5 A 4 TS 0 Ak B ) 5040 1) R Rk
o TEARMERY Transformer AL R 15 09 2% (FFN ) 3 5 (h
W2 2 A1, T AR B [ 1 3 LS P RRAE
£ ConvFEN H  Z8ie BRI 5 HIL ) a4 oA 3
TG (0 45 R 22 I 2% )22, A5 A8 B B A RCHI $2 7 91 4l
() SRy PR AR AL, Dt P Sy 4 AR 22 4 K Kb 3 s ) i ] - 174 Jmy
BRI

3 SRNEEHES

3.1 LIOINGEE

A SCT7 T Pytoreh (MUAS 1.12.1) 52 3, Ff-7E Intel
(R) Xeon(R) Gold 6226R .NVIDIA GeForce GTX 3090 1 iz
548 1B AT, B4E 2% 4 Ubuntu 20.04 LTS server,
32 #HEFRESHLE

ARSCRAE TR A HAZE ) = AL 100 225 i
(58 1 B b i 4 A A5 2] 14 20 0 B i it , 86 21 b i
FRHLML ), %22 15 R RE — R TAER K, B0 IR
(V)o B TAIREEATE, 45 RN ] 55 AR A R 72
FEBEIR B o AL, B S min YRR B 4 B8 7
P — 21, 38 2ok R A BRSO 4 T AR T i 5 L e R[]
SR/ B T B A B R s B O S R R
b (AR B ARAFAE R 5 d5 T 24 35 F vl P PR B I S 11—
AN AN S R B2 0ok 2 048 B, 25 Hi i 7
J5 AN —AN G ETRY 2 047 AN a2, A] 3845 19 834 41
Tedi s , BT 2 048 AN (A1 25 (14 35 v b g s v R 450
SRIG LA T 20 1 ELAGIR 20 I R4 B0 A Al it 4

Window
m s
M Sample
lnm %
— ~,
Battery voltage
per 5 minute

Fig.5 Preprocessing of voltage data
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Fig. 6 Battery voltage data
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