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Abstract In this paper, the author proposed a nuclear power plant (NPP) instrumentation
signal faults identification algorithm. A variational autoencoder (VAE)-based model is trained by
using only normal dataset as same as existing anomaly detection method, and trained model
predicts which signal within the entire signal set is anomalous. Classification of anomalous signals
is performed based on the reconstruction error for each kind of signal and partial derivatives of
reconstruction error with respect to the specific part of an input. Simulation was conducted to
acquire the data for the experiments. Through the experiments, it was identified that the proposed
signal fault identification method can specify the anomalous signals within acceptable range of

€rror.
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Algorithm 1. Autoencoder-based Anomaly
Detection Algorithm

Input: Normal dataset X,, i—th anomalous data
T, EX,(i=1,..,1),
threshold «

Output: Anomaly detection (classification) results

reconstruction error

for all anomalous data
Sene, faees Train an autoencoder using X,
for i1=1 to I, do
B = faecfene (xa1)) - xav]

if £, >«
Zz,,; 1S an anomaly
else
T, ; is not an anomaly
end if
end for

Sfenet encoder function of autoencoder
Sfaee: decoder function of autoencoder

E;: reconstruction error for i-th anomalous data
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Algorithm 2. VAE-based Anomaly Detection
Algorithm

Input: Normal dataset X,, i—-th anomalous data

z,,E X, (G=1,..., [), reconstruction probability

threshold «, number of sampling KA
Output: Anomaly detection (classification) results
for all anomalous data
fem‘,, faees Train a VAE using X,
for i1=1 to I, do
i Oz = fen,c(z|$a,1t)
for k=1 to K, do

draw sample of z;, ~ N(va o..;)

Mz,z’k’ Uz,ik = fdec (x|zik)
end for
K

1
Pirec: e Zp(xa,imek’ Uz,ik)
k=1

if PI°°< o

T, ; is an anomaly

else

x, . 1s not an anomaly

a,i
end if

end for
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21 (1) oA = A ANEE oguEtd, O,
= A Asel g A Ve, E, v 3
Azl A Az gid Hat 5
VE,;© &% 2z s 54 2
JRA AsE HvEe ghe] Hirolth. W
W, 7FeX=2ZA, AHEg 7t e Bd
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Algorithm 3. VAE-based Signal Faults
Identification Algorithm

Input: Normal dataset X,, i-th anomalous data

n
r,,€X,(i=1,...,1), jth signal of ith
anomalous data x{,, (j =1,...,J), number of
sampling K, weighting factors W, W,
Output: Anomaly identification results for all
anomalous data and signals

Sene, faees— Train a VAE using X,

Em j<—mean reconstruction error of j-th signal
on normal dataset
Vﬁ’j%mean gradient of reconstruction error
w.r.t. j-th signal on normal dataset
Gy = WiB, ;+ WV B,
for i =1 to Z, do
i O = fenc(2|$a,i)
for k=1 to K, do
draw sample of z;, ~ N(uzﬁ,;, Jz,i)
Ey = Faee(zg) — La,i
end for
1 &
E, ;= EkglEa,i,k
for j=1 to J, do

; J
retrieve K, , € F, ;

_ j 0 a,i
Ai.j =E;+ N
oy ;
if Ai_j > CJ
xf“ is faulty
else

:vf“ is not faulty
end if
end for

end for
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Sene: encoder function of VAE

St decoder function of VAE

C;: anomaly criteria for j-th signal

. ;- mean vector for i-th anomalous data

o, ;- standard deviation vector for i—-th anomalous

2,
data
zy,- latent vector for k-th sample of i-th
anomalous data

N(p, 0): normal distribution with mean value g
and standard deviation value o

E, ;¢ reconstruction error for k-th sample of
i—-th anomalous data

FE, ;s mean reconstruction error for i-th
anomalous data

El{l mean reconstruction error for j-th signal of
i—th anomalous data

A; ; anomaly score for j-th signal of i-th
anomalous data

4. 4 8

=

dgo] wAg Atdle= 3] =F
7] W&o, A¥e A EolHdoZYE HE
tolg & o] &35t AT AlEHIHE ¢
TAdE AT Ao LS CNS
nuclear simulator)& ©]-§3t}h (Korea Atomic
Energy Research Institute, 1990). CNS7} EA}
3 dAe 9AEE$~ (Westinghouse) AF9)
3-loop 900MW 7}47H =2 (Pressurized water
reactor; PWR)Z, Ul & 97 & 1g 3,
437)19 Q434 1, 25717} o]o g3}

Ad mA Agow= AHAA J)FE Alx
(Design basis accident; DBA) 5 A <% % w1
=% g @A 44 Ala (Cold-leg/hot-leg
accident, cold-leg/hot-leg
AEd I (Steam
s71% 9

(Compact

loss—of—-coolant
LOCA), <71%A47]
generator tube rupture; SGTR), T

(Main steam line break; MSLB)2] Hl 7IA &
A o) 3R

Zt Abgto| tiste] 10ew €l 100cm 7} A lew 3F
Ao wFd AVIE WA AlEHIAS
FstH T MSLBe 4% sdg s A7)
A AR 21 Algte] AQE Fo YRR
AA 7 dA kel AlEE ol E8AHS ¥
7] #1810 ¢ std=ar|E A &Skt A5
AS s TREs 44 9 4 T A
AqAAA S U+ d w8 938 sk 3171
o] AF AEE AASATE (Table 1. 3an).
Algdole AA=E 7 FAZHFE 58 F

Table 1 Collected Signals and Their Units

Signals Units
CTMT=* sump level m
CTMT radiation mrem/h
CTMT relative humidity %
CTMT temperature T
CTMT pressure kg/cnt
Core outlet temperature T
Hot-leg temperature (loop 1/2/3) T
Cold-leg temperature (loop 1/2/3) T
Delta temperature (loop 1/2/3) T
PRT* temperature (¢
PRT pressure kg/cnt
Hydrogen concentration %
Reactor vessel water level %
Pressurizer temperature [0
Pressurizer level %
Pressurizer pressure (wide range) kg/cnt
S/G# pressure (loop 1/2/3) kg/cnt

S/G level (narrow range, loop 1/2/3) %
Feedwater flow rate (loop 1/2/3) ton/h

* CTMT: containment
* PRT: pressurizer relief tank
* S/G: steam generator

Al ol Folls 7 Also] didte] FHAFH
4 5+3F (Min-max normalization)& 2% &3}¢]
EE AZ7F 0% 1 Abele] ghe MRS S
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Fig. 3 Schematic of an Applied VAE Model
with the Activation Functions and the
Number of Nodes

Td HelHze AA dHelHE EF o] &st
Fom (o]F AFAAdA QIR S FE
A HolHE ol&stmz HdAl HolHE o

stth, Bd Abd FdH dAE == g
vl %] =7] (Batch size)s 9 Zw/IHF=

ANAZIEA HrEAow St Fd IA
oAl o] &x & &4 e F a4 HY 2
=z} KL (Kullback-Leibler)-divergence A}¢] <]
7hEA B T 84 Abol9 gho]l & AolE H
O]X] g%—%oﬂ Lr,}ﬂ. 1= —!ﬂ;],oﬂ AHEI_E] jr,].zé

ANE 100008 AEE FEHEs shelon,

HAs WHo —'E Adam (Kingma and Ba,
2014) & A& Algorithm 4= VAE &4
+d #4s L]‘E]r‘ﬂ 2o th,

Algorithm 4. VAE Model Training

Input: Normal data z,,€X, (i=1,..., 1),
number of sampling K, weighting factor /3

Output: Encoder function f,,., decoder function
fdec
Initialize parameters of f,,. and f ..
repeat
for t=1 to I, do
Hi> o—igfenc ($n7)
for k=1 to K, do
draw sample of €, ~ N(0,1)
Zig = Wit O}

end for

1 I K )
re(()n = —K Z Z fdf( i, xmi)

1<
Ly, = 5_;(03+M?*1H(U?)*1)

L=Lccont BLis

end for

Update parameters of f,,. and fg.. using
gradients of L

until convergence of parameters of f,,. and

fdec

w;: mean vector for i-th data

0;' standard deviation vector for i-th data

€+ sampled number

N(p, 0): normal distribution with mean value g
and standard deviation value o

z; i+ latent vector for i-th data

L

recon " reconstruction error loss

L+ Kullback-Leibler divergence loss

L total loss

_8_
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—— Original data
260.5 + —— Data with Gaussian white noise
—— Data with step noise

260.0 4 — Data with ramp noise
25051

E
2

£ 259.0

g

E
2 2585

g
8 2580

257.5 9
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Table 2 Experiment Results
(W, = 1.5, W, = 1000)

. # of
Noise . Mean Mean Mean
nois
type . accuracy precision recall
signals
Gaussian 3 0.9589 0.7247  0.9277
(n=0, 7 0.9373 0.8222  0.9216
0=0.02) 10 0.8992 0.8064  0.9047
0.9713 0.7858  0.9650
Step
0.9455 0.8073  0.9417
(x0.02)
10 0.9207 0.8392  0.9329
0.9648 0.7501  0.9547
Ramp
0.9426 0.8288  0.9400
(£0.001/s)
10 0.9071 0.8137 0.9234

Gaussian white noise®] A% 959%, Step
noise®] % 97.1%, Ramp noised 4% 96.5%
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