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Wind Turbine Fault Diagnosis Model Based on Improved CNN and
BiGRU Dual Channel Feature Fusion

ZHANG Liwei, LI Xiaozhong
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: Aiming at the problem of wind turbine fault diagnosis, a wind turbine fault diagnosis model based on dual chan-
nel feature fusion of improved convolutional neural network (CNN) and bidirectional gated recurrent unit (BiGRU) is pro-
posed in our study. The model is different from the traditional series structure and adopts a parallel structure to combine the
improved CNN and BiGRU. Firstly, the batch normalization layer is used to replace the Dropout layer in the traditional
CNN, and CNN is used as the first channel to extract features. Secondly, a multi-layer perceptron is added to the traditional
BiGRU, and BiGRU is used as the second channel to extract features. Finally, the two channels are connected through the
feature fusion layer of the recognition layer, and then the support vector machine is used to replace the traditional Softmax
layer for fault classification. The results of the experiments show that compared with other models, this model has higher
accuracy and better overall effect.
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Fig. 2 Structure diagram of fault diagnosis of improved
CNN and BiGRU dual channel feature fusion
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Tab.2 Model parameter
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5 BNJZ2 128 — — —
6 MAbZ 2 — 2%2 — —
7 EeUE: I 64 x4 — ReLU 0.5
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drop = 0 + BN 0.95 0.80 1.00 0.89

3.4 HEENIZGEIEEGE

TE A 225 o) 2% A R 1 R s 0 2 A A R 5 2k e B
[(IZEL Loss (HANTE T REIHAAZAR R 2008l 5
UYL ] LISk T H  ASCAEEA TR I s}
KIL, CNN PIZ8[1Y) Loss {H T FEARER, IR7E 5 551K
S; GRU W41 Loss fH FFEARZEE , 12U 2Rk B
(epochs) 1R Z B A BRI EL 5 1T HAR Y T AR AR St
KRG, W 2B T —E R i il 4.
I, AR SR RS R G e i LG, BRI Rl
RS A CRIEEE B, 20X GER) CNN A
BiGRU 7EUSEI T REL 9 4~ Loss {H_ LR, fif FvE
W% OREEAR A BRA Py EVE IR R bR, 455540
K 3—M 6 TR,

HIE 3 AT kR A FERGHF) CNN Hr, HERfR
£ Loss fH} 0.030 Z 5T V5, (BR#ES FiE
1E Loss {2} 0.030 F1 0.029 bk 3 E , ZG VG T



2023 42 A

SR, AF . BT EGHE CNN AT BIGRU AUHE IE FFAE GG 9 XL L2 Bl 12 s 7 +59 -

K, SEARB T EE R T Loss R 0.032 Ab#ik, Hifth
W 1. FEEBINGRCRZ )G, B A FEMGER
CNN 13+ 0.030 & Loss fHAY FFR.

1.1

—o— ) R —o—fF B R0 H IR o F {H
Lo [

————y g —o—
0.9

PR b

0.8

0.7 1 1 1 1 1
0.025 0.027 0.029 0.031 0.033 0.035 0.037
Loss{H

B3 #pE A7ERU#A CNN H Loss BRI M IEHR
Fig. 3 [Evaluation indicator of Loss in fault A in improved
CNN

H I 4 ATH0: ik A 7ERER) BIGRU Hr, MR
A PR T A, KRS F{E7E Loss 8
4 0.050 WA R, FTLASRE A 7ERiEl) BiGRU
HiiE£E 0.050 24 Loss fH Y FFR.

1.1

—o— iR R —e—f i e 4 Jul K FfH
Lo

—t—0"—0—0—"—o—,
0.9

PR b

0.8 F
@/a\g/.\w//s/‘\\‘\‘

0.7

0.6 1 1 1 1 1
0.042 0.044 0.046 0.048 0.050 0.052 0.054
Loss{H

4 HFE A FEBEA BiGRU H Loss (ERIIT M I5HR
Fig. 4 Evaluation indicator of Loss in fault A in improved
BiGRU

1.1
o — o B 3 o 7 [1] 3 o]

1.0

oo,

09

PR b

T \/@/@\\3/&\»/“\@

().7 1 1 1 1 1
0.025 0.027 0.029 0.031 0.033 0.035 0.037
Loss{H

5 #FE BE#AY CNN 1 Loss EAIEM ISR
Fig. 5 Evaluation indicator of Loss in fault B in improved
CNN

MK 5 AT i B 7ERGERY CNN i, diERfR
AR TR, KiifRTE Loss fH°A 0.027 AbikF| i
B, (AR PR T AN, Fr DA B R, K

T35 B 1E Loss fH-4 0.030 4b, FLH mIH Fy Al
AT R R E Y Rt s FrLAOEE B 7ERGHR) CNN
Hhi%$E 0.030 4 Loss {E 1) FBE.

1.1
—o— i —e— K 1y oo — 73 [l F ]
1.0 +
by g —O—O o
_k‘_]E
T 09t
B
0.8
c\o/‘\v/e\\/_’/a
0.7 . . . . .
0.030 0.032 0.034 0.036 0.038 0.040 0.042
LossfH

6 #FE B7EXUH AT BiGRU H Loss {ERITEM 1547
Fig. 6 [Evaluation indicator of Loss in fault B in improved
BiGRU

HE 6 AT #kE B ZEekiF Y BiGRU Hr, R
A R ER T8, WR S F{E7E Loss 1
0 0.036 F1 0.034 4bikF| iR, EFEIIZGHEZ
J5 TR A 7ERERY BiGRU Hk#E 0.036 2 Loss H
() 1R
3.5 1EEIHSHE

MG 3.4 75 Loss A I FREELEAE MRS
YIZRUEL; WA SN o ey 2 - 85 4%
o 222 X 245 iy A SRR 1] 3 1o R 2 e 4 B SRR AR
WREE—FERZERE | Jlid MSELoss 4k pRETHE W &
ZIAIf Loss fH; X5 %A Adam {fk#sibf AL ;
SVM 1 H xR B (8) Bt sl - Tl £k 2
Sklearn JFEH SVM HYAETT RECR FHMAE IR 558 X
RUF VRN 1,110,100 X 3 PNRECPEERERLN R
¥, ZEUM kernel N linear; A4 7718, Y97E NVIDIA
) Tesla K80 S+ EEATIIZRAN. £ Xk A
ek B A0 BIxF ek CNN Fl BiGRU #EF 71145, 48
J5 #E AXGHEE CNN-BiGRU M Tl i W , f & 55
CNN ., Jii BiGRU FIHi# i CNN-BiGRU i 17 Xf
o, BR T EiR 4 DIPTSR, B 1 DM FERHERR
(AR R Hpr) | 55 L35 4.

e A o, SRR CNN AHES T CNN, 78
R OREEAR A (B A TR R, IZRe a1 45
B, M BN J27E CNN AT H B RIRCR. ki
BiGRU AH# T )5 BiGRU BT IR B4 /)N , 7R
B OREHRA FE R SRR T, ST AR
MeitE BiGRU WFFIIZS S5 F IRt I, RIS RIS N
1 D22 BFINLRN L PEHURHE. HEE CNN-
BiGRU A CNN 454 BiGRU HEXZEFYZH AL,



+ 60

T Ol CNN, (FERSI R FyE A —E W)
P, BN 2R S W S AR SCHR M Y X 1

CNN-BiGRU FERf% K% A [ Fy (8
By, ATEREI FAREL T AR .
R4 HELHER

Tab. 4 Results of fault diagnosis
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