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Table 1 PQDs types
St KA || g5 e
Cl EH C17  #JIH+PA
c2 1 C18  HFF+NA
C3 “aIt C19  FTh+ifk
c4 Hh T €20 PHES
cs ] 21 Hhir+pil
c6 it c22 PO
c7 PIIs| 23 PR
C8 IN7E 24 rPibHED
C9 1% 25  HRG+NZ
Cl0 R+ | €26 HRG+IHE
Cll #g+hid; || €27 wpil+Azs
Cl2  #R+0 || €28 whi+ilik
C13  Hp+NZs || €29 BIO+A2E
Cl4 B+l || €30 WIH+iEdk
C15 I+ || €31 [NAE+D
Cl6  FF+iil

22 BREINEENESH

SCHP T CaT A5 7R 5 JH At 7% J3E = > 455 R0 14y il
F Pytorch HEZFEHE, YN RIS A HAAS Bk 2 fir
o AEIZRIN B E f R AR K 100 0, L1k 4%
Ve Adam, WI4A2E 2] A 0.01, 3 B 24 o] REEWOR
RIS AL AR Sy 2 B TR B ) M AR A S A |
THIR 2 2] SR IR 0.5 1Y b A8 05 2 50 UE AR A TE
AR 20 BA BT R 2R, OF DR AF B A
T 951 2K eRBOR FH 2 SR 41 2% eR

FR2 WHESRKGRAE
Table 2 Hardware model and software version

LNt TS/ A
Pytorch 2.0.0
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Xeon Platinum 8255C
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TR B A7 2 W RN
Table 3 The Influence of convolutional kernel size on
quantity, FLOPs,and PQDs recognition accuracy

B S0 FLOPs  PQDs Pl fiif 2
3 10516  2.380%x10° 0.925 8
5 12292 2.652x10° 0.957 1
7 14 068 2.924x10° 0.960 8
9 15844 3.192x10° 0.954 7
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Table 4 The Influence of channel number on quantity,
FLOPs,and PQDs recognition accuracy

WE HE FLOPs  PQDs L1 fiifi 5
4 6426  1.322x10° 0.939 0
8 12292 2.652x10° 0.957 1
12 20076 4.462x10° 0.955 3
16 29780  6.751x10° 0.957 6
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Table 5 Parameter settings related to the CaT model
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Trdffformer 12 250 in out
Bk 1 s=1.p=2.d=24 z=1
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HEsh K=5s5=4 p=1
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Table 6 Comparison of PQDs recognition

accuracy among models with different
module combinations

PQDs U5 HER R

B -

JM: 40dB 30dB 20 dB
BRI1T  0.9960 0.9935 0.9889 0.919 4
BiRI2  0.9969 0.9935 0.9929 0.929 7
M3 0.9958 0.9945 0.9915 0.930 3
K%l 4  0.996 8 0.9947 0.9921 0.947 3

09982 0.9952 0.9955 0.957 1

2.4 XfLESHR

g T B R SC R BT 4R O 1R ) T A TR A
T LB DUBEE , X0 ] A4 540 HE A FH AN [+ ) e 2 3
FFUIZRAIIER, 57 55 Deep NN X i) < 7 10
1042 ( bidirectional long short-term memory , BiLSTM )
R4 Fl GAF + Resnet ™, BiLSTM # % £ 3% SC ik
[32 ]t A B 04T AL 3, LSTM )2 v e )22 4
WE N 128, g T B & ME R 43 S PERE 15 e A
GV AN R MR P 2 T S AT T ISR Bk
A, 25> Y 7R A [F) g 75 IR 358 R 9 PQDs - 31
HERGR AN 7 FiR o

H12& 7 I, SCH T4 CaT BB 7 2% > I 5 34
BT WS T B m M HER 3 R S 7E 20 dB MR
PR, CaT FERY R AL i T oAl 3 MACHY X
JEH N CaT BRI T B AR H, 1SRRI T
WS B AP, DLEXT 430 Al 5 4 3R W
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Table 7 Comparison of PQDs recognition
accuracy among different models

PODs LGB %
i
Jo 40dB  30dB 20 dB
CaT 0.9982 09952 09955 0.957 1
Deep CNN 0.9958 09942 09915 0.9229
BiLSTM 0.9842 0.9811 0.9573 0.9321
GAF+Resnet  0.9805 0.976 3 0.9677 0.8829

SCH I CaT AT RO 1) A R0 B HC A e 7 A 05
TR SN O Tt R W SO B fR g R
AR, 8 JB/R T CaT BIUAEARMER AR T,
XT3 PQDs {5 5 AU HERT R .

%8 CaT KB P AREHMAE PQDs A7 A 23T b

Table 8 Comparison of PQDs recognition accuracy
of different types in CaT model

Wz e PQDs U ER %
%5 M 40dB  30dB 20 dB
cl 1 1 1 0.970
c2 0.995 0.995 0.995  0.950
c3 1 1 0.995  0.930
c4 1 0.995  0.995  0.940
5 1 1 1 0.965
c6 1 1 1 0.970
c7 1 1 1 0.955
c8 1 1 1 0.985
c9 1 1 1 0.960
C10 0.990  0.980 1 0.955
cl1 1 0.995  0.990  0.960
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Table 9 Comparison of lightweight models

i i FLOPs  HERLAT[H]/ms
CaT 12292 2.652x10° 4.8
Deep CNN 166 207  94.5x10° 7.8
BiLSTM 964 639 93.4x10° 11.3
GAF+Resnet 11 186 112 1 745x10° 72.6
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Fig.9 Training curves for each model in
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A lightweight power quality disturbance recognition model

based on CNN and Transformer
ZHANG Bide', QIU Jie', LOU Guangxin®, ZHOU Can', LUO Qingqing', LI Tiangian'
(1. School of Electrical Engineering and Electronic Information, Xihua University , Chengdu 610039, China;

2. Chengdu Power Supply Company, State Grid Sichuan Electric Power Company , Chengdu 610000, China)

Abstract: A lightweight power quality disturbances (PQDs) recognition model that integrates convolutional neural network

(CNN) and Transformer (CaT) is proposed to address the high number of parameters and computational complexity in existing

deep learning-based models. Depthwise separable convolutions are first employed to extract local features from the disturbance

signals. An efficient softithreshold block is then introduced to reduce noise and redundant features without significantly

increasing the model’s parameters or complexity. The Transformer model is used to capture global features of the disturbance

signals. Finally,pooling layers, fully connected layers, and Softmax are applied to complete the recognition PQDs. Simulation

experiments demonstrate that the CaT model effectively recognizes PQDs with fewer parameters and floating point operations,

achieving high accuracy and strong noise robustness. Its lightweight, end-to-end design also results in shorter inference times

compared to other deep learning models.

Keywords : power quality disturbances (PQDs) ; lightweight ; number of parameters; efficient soft threshold block ; depthwise

separable convolution ; Transformer model

(4 XX)



