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Research on an anomaly detection method of nuclear power time series data
based on hybrid Generative Adversarial Network
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Abstract: To automatically and efficiently detect various abnormalities of the nuclear power system by utilizing the abundant time
series data from nuclear power system, this study proposes an unsupervised anomaly detection method (NadGAN) based on nuclear
power multivariate time series data. It aims to improve the identification accuracy of both minute and novel anomalies, and avoid
them from developing into serious accidents. NadGAN applies Gated Recurrent Unit (GRU) as the fundamental model for both the
generator and discriminator in a Generative Adversarial Network ( GAN) framework, which is able to extract temporal dependencies
and learn the feature distribution of normal data through adversarial training. In the anomaly detection stage, an adaptive
thresholding approach is adopted to comprehensively consider the discriminative error and reconstruction error for anomaly
identification without manual parameter tuning. Comparative experiments with four baseline methods on six simulated datasets
demonstrate that NadGAN outperforms other methods, which further validates the effectiveness and feasibility of applying the
proposed method for anomaly detection in nuclear power systems.

Key words: nuclear power system; multivariate time series data; anomaly detection; Generative Adversarial Network; gated

recurrent unit

0 2 = e, %%%%%H%ETE‘EQ..IAK@%?KT%WA
SR BRGNS LA B R AT i AR08 S, A2

Reah 1 R G th 2 ER R R GE 4R & 2% ﬁ'é@i‘iiﬂﬁ&ﬁ]‘“’ﬁlﬁﬁ@ SRR RO
ARG, ESHORZ BATEA B RHR e R Wlsfrd R, dsd ook A REARE S RS

EETA: MW H KR HA4 (23NSFSC2873)
VEH BN T (1997—) , Lo, BB TR, 3= BERSE 0T 1) « A% S 0 E R G4, 6 28 KB /0 A 577 6% . Email: jingyiwan123@ 163. com; 3
PRAE(1995—) 5 Wl TARRIW , EBEREST 5 1)  HLAS 420 B 4 #rs 8 ME(1972—) , 3 WFST DL s G AR Ui, S22 5 Uy 1n) .
KB RS0, mtERETTAE; BRIHET(1997—) , 5B, TR, EZAF 5 0y . Seilt M BE R A & i & (1984—) , 5B, Mg TR,
ERWITETT I R AT R SRR TR B R(1980—) B3, R TR, IS0 T7 1) A S 0o HE R G AR A
WrFs HEA: 2024-12-24 %k Tk % 3 H KT




112 B oo ®E N5 MM

15 4

R Z T [T 505 , A sh iR RGEAEE )
BIETH TR SRS I T R R M RAIE R
SRR BT A EER L,

Bt N T2 R A B I AR g bl % e, R
FAAILAR 2 2] R 2 T HE SR 2 S RIS AR 2 Bl
NG b BT RO UK B A S R R A
Jr IR A BEATI % Wi A5 2 12 AR ST, B B 9T R
FLFE S Fr o B AL (SVM) B AR i B g W 4%
(RBF) "' VREE(S & M 4% (DBN) ) 45 B 2 I 4%
(CNN)"® KAEHICAZ M4 (LSTM) 7 8% a4 4
Mr(KPCA) ") 25 32 i B 0 3 90 2 o) S 0 BOHR 4R A
MITRBIRFESEH RS, hFAESbRN ez 5
B AR B O B bR 2, Lk vk pe ke I Y
SRR B R R B AR A B P B T S R
B IR TABOR S, R A sk — ) B, G W B Y
I 580 S R i A FR AT A o BT
L7 FEF O R T A U ik =2,
O SRR NG IE 5 B8 04 TR AE A58, 15 15 4 40 A1
iF 2 SRR DU 2 R B0 oy S5 mT e RO, AR
S, A BT 4% (GAN) V2 AR A AT 5 R B T
B EROR I N T 5 A 400K, AR R 7
S A A 2k, SR Tish 1 R85 50
Z , SE BRI R 2, A AR E T
T RN A% B0 1 22 0 B e B3 14l 2 s i) 44t
ARtk 22 [ (14 2 RO G 2R T AT AT OB, 32E 11 52 1)
SR P VR 1

R, A SCHE T 25 A T T R 500 (GRU) 1
TRAHE O I 28455754 ( NadGAN) |, 38 F GRU FIxt
PG, 2 IE W s PIRE T80 1 Z o0 ¥ 22 6]
(R 28 AR SR ARRAE , 255 B (00 P 0 31035 2 AR 2 1 22
FE USRS A 1A A N R B SR, DT 4R
S A S R A
1 FHikigit
1.1 @ik

BT Z IO P B % 3N 1 R G0 5 R
1T Wi S S AT 5 1E R TR B%L
W BT, WIS E R FEAREE R
BRI R B 3 B A 43 A N ] (1 s [ 5 5 s ]
Fea, R S, FE TR RGNS TR
PRSI 45 S R  [) 2L 3 2R AR A A R s, TT A
Jh B SCRE RS

WK BN N W sh 11 £ 0 (8 &) IR 51k
X ={x,,x,, x5} e R™N | TE ¢ B 21 59 U000 £ 48k

v €R (1 e [1,N]) ,m NETERFIIR 4 | E
TR 2L T m DR (SE) . ARERZ] 1
BIGRERRAG T 2Z BT0Y ¢ — 1 IF20) (5 AR () iy
Bl K 2 SRR BN R IR ME 4Bk A s Bk
WHFARIOC R, B, S TR B B TR SUFR R E
AR R o, KR HEEHIEA w, = (2,0,
Xy, e RN B bs IR 41 AT AR PR Ak R
n(n<N) NMEHFFIW = {w, ,w,,,w,!.

B ouArE Y = (0,1}, B R SR
W HAR 2 DB £ W — Y, BRI T
S s R sk s 1) B w, (¢ > n)
SRR y, o H, y, = 1 FORTERTZ ¢ AR A7
e, y, = 0 WIRIRAAFLE S .

1.2 BHHARARBR

ASCHR A BV T RAELR A 1 R, RSy

SRR AT N R e 6 S A I A B B

AR AL BRI
i s el e
EHIIGREA
IS PSR
Al OEURTIE
SR
w NadGAN 57
(0]
o L .
BB SRS 7 T [ #
SSRGS g
SR A X
S A ]
e
Helimtrie it
LSRR

B1 #HRARDMEIERE

Fig.1 Opverall framework diagram of research scheme
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Fig.3 Parameter correlation heat map
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Fig.4 Effect of PC on anomaly detection performance
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Fig. 6 Comparison of different anomaly detection methods
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