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Anomaly detection of mechanical systems based on generative
adversarial network and auto-encoder

Dai Jun, Wang Jun, Zhu Zhongkui, Shen Changqing, Huang Weiguo

(School of Rail Transportation, Soochow University, Suzhou 215131, China)

Abstract: Current intelligent diagnostic models of mechanical systems require massive historical data under different health states and
corresponding labels to complete model training. However, the abnormal samples are hard to be acquired in some mechanical systems. In
the condition where abnormal samples are absent for training, this paper proposes a novel anomaly detection method of mechanical
systems. The new method combines generative adversarial network (GAN) and auto-encoder (AE) to establish an encoding-decoding-
encoding network model. The proposed model is firstly trained by the normal samples of the mechanical system acquired in the early
stage, then the model is used to test the online collected real time monitoring samples with unknown health state and outputs the
dissimilarity between the latent features obtained in two encoding. Finally, the system is monitored by inspecting the variation of the
output dissimilarity. Three groups of experiment analysis results are used to verify the effectiveness of the proposed method. Compared
with traditional methods, the proposed method can detect the anomaly earlier, the dissimilarity index has a larger increment when
anomaly occurs, and this method can more stably characterize the fault evolutionary process.

Keywords : deep learning; generative adversarial network ; anomaly detection; mechanical system
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Fig.1 The structure of GAN

XFF A ML A REAS G (2) R A] RE T T HL AL
FEAS 5 XP TR NS B rT LG i AFEAS R A T 315
FEAB ISR, B 2 B0 4 i A x B, D (x) Bl F 1,
A G(2) B, D(6G(z) ) LT 0, PRI AR Ot 1 4%
TEYIZRIN B H AR R AT LA RAR

arg mgn mgle(D,G) =
mcin m;ix%EhPm( logD(x)) +E,_, [log(1-D(6(z))) ]}

(1)



18 o & 2 R

F40E

XA M 0 A LA 2R 8, 30 1 0 4 4 A
AEHREAS AR J0 A AT LA 3 A= OO0 19 265 27 > 74 31
T3 A2 ) TE B RE AR Bidha oA B4 A2 O T ) 268, 76 T T
o7 2 HBEREAR A B o A I 2 AT ORI iR 25, IO G
A RRREAYIZR T BOPLBR e 5 R AR D4R At T AT RE
1.2 B34

AE Z—Fh el B BRR AR ) B L AR (R
o E A AR R R g A A R A A
S e FH T2~ iy A5 5 B AR ZE AR AIE , A 52 25 U] g
EIRAGS . WL, AE B2 H AR EA A A
gt A ) BNZH AR RAFRAERFAE .

HUAEZR GE R AR SN (5 5 h AR AE AL & 2 Fh &2 2 19 1
MR RS T by P S0t e 5 | R 4 90 3 i o0 A A L B s
SO S R TR B . SR AE AT LR
PR B 15 5 v i i B U R AT, AR T B AR I AL
RS o

2 ARIRHBITTIE

BEXTSEBRATUC 2 W T A o LR IBGR BOIR ST
RBAEFEA I 7] B, R SC45 45 GAN il AE, /57 1 —Fh 4
HE- e - P ) 1 S AL I ASE TR o 32207 3k ) DR N 1] 2
IR o B LB R 8 1) B 300 10 R AR AR A S DI
I, HUA— AR AR A 2 5 A 1) i A BRI , 8 4 )i -
I, A A 5 RV AR AR . BRI R il
J& R AR A RREAR S B0 S I DA A HEA T, F s 1
Skt PSR AR (4 22 53, O LAUARE S R BT LAY
OIS T e R EE AR A o

B RS

I V
PR B - M B A

YR HH -
HWIEHREAR

——{naanE

% |
HL

K2 HUBCR G Ry e
Fig.2 The flow chart of the proposed mechanical system

anomaly detection method
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