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Abstract

Aiming at the classification of power quality disturbance signals, a power quality disturbance classi-
fication method based on gram angle field and multiple transfer learning is proposed in this paper.
Firstly, the one-dimensional power quality disturbance signal is transformed into GAF coded image
by using gram angle field, and then three RESNET sub model networks are constructed. The distur-
bance signals with representative signal-to-noise ratios of 0 dB, 20 dB and 40 dB are selected as the
input of the sub model to train the three sub models respectively. During this period, the training
weights of the sub models are transferred in turn by using the method of multiple transfer learning.
The pre training weight of the latter model is inherited from the training weight of the previous
model, and the weight processing methods of partial freezing and partial fine-tuning are adopted
to ensure the optimal training effect of the model. Finally, the features of the three sub models are
used to train the full connection layer classifier, and finally a complete power quality disturbance
classification model is obtained. Simulation results show that the method has good classification
accuracy and anti noise performance, and the proposed model has good robustness and generali-
zation.

Keywords

Transfer Learning, ResNet Network, Gramian Angular Field, Feature Fusion, Power Quality
Disturbance

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

R, B E K TG BO5 i PR RHA BRI AR, & R A K1 LR il A 7= )
B Z KT H 2i 38 . AT H SR ) EORAR N R I e 1) T S A o0 RS E P DRATE A He
REXS T4 v ) RGN 2 Ae E 1a AT LR RIE R RIIEH A B HERE X (1], (HE2, KEHHEEN
FEL TV A T DA R #5201 X R DR AR O R A6 45 0 AR e P ) L RE B ) R ) 2 ™ B, 7 S I F )
RGN EREIBIT2]. N T BE AR, HEX BB R YA 78 7 R RT IR % B R 1) it m]
REIE AR SE 35 HEAT DAL JF: 1) 8 R S AR X3 ], PRI, 0T e BE B B 15 5 BEAT HEGH PR 1Rl B e
DREA A+ EEAFTE

FIAT, [ AT U 0 L RE B AN 15 5 IR 0 SRR 78 £ B DAL FFAE 4R U S S0 a0 5 1
R RME G R STR[4 1R B HCT RN B il SR IR REBT BB 5 5 /Dy g 2 8, IRl
FREERS LT S ORI, feJaia M 2 hr2s ik A IS B LAR MR 0 888 SEBL IR BN 702K . %07
BB LA HAE IR, X T AP R 2 RGBTz A, EHSRBURHE R Sk e
A G P ERE TR, HAD BHIRIEIZ T AR UM REIE A Rt — sk, SCHR[S R HSY & Prony 51
% RRAWBE D RIEEEMD). TK RERE ST UL /RAA%E - S (HHT) A S & 177 200 HUBE i
WBNE T AT ZRILEIEAG BRI > RS AT RIE I PEsh IR B 57028, IRl f JRAE 1%
TR AT MR S HER T, (ERAZTERR IR BUR SR B 2, HHX TR & Ishit) 7 J ki S04 1

DOI: 10.12677/5g.2023.133006 64 BIRE FEL


https://doi.org/10.12677/sg.2023.133006
http://creativecommons.org/licenses/by/4.0/

it 2%

Perm . SCHR[6]0E F A B 18] R 23 i (ITD) S92t F e B R0 (E S AT 0, FEMRE i p k3
SSIRHMERE, )G R K-IME SR EEM R RN MANE 5317528 %7 EL i HIIEE R T
AR 2 2 Rt e, (H AU IE T B — S, X LT EA R I TAE R LEE
SR, TR AR B ANE S AT RAE R, SRS BT AR SR B iR 5 40 25 (H
SEIUA RHESR B VE B A R —HbrilE, 25 S (SR = A RHETUAR[7] [8] [9] [10] [11]. JERfor2K
Tl T4 SRR AR I, 12T S M BEAN PR BN TR ) 3 2R SR GE I 43 SRR 28 L S AP DL A i B ) [12] [13 ]

IR %% >](Deep Learning, DL)J&J 8 THLAE 5 21 5 N T8 6o AU I — Fogr AL 1 Hicdis Ab 225 43t 5 i
[14], FRER B+ UEPRERE, WA CEES AR EEE/ER[15] [16] [17] [18] [22]. fEATIL
BNEAR I 7RIS, BEANRFE 2 S BOR R dG Rah BE R SR ORI BN R 0 26 o —, b 17N
N AR R AR AE (1 R0 B o (L8 DX 285 ()36 AT PS5 8 1) Il R 2 0% REAS BN B BB DR IMiE, TS
S ST RENS R RIRDREAR N SRIGIE], $RTFRER[19] [20] [21] [22], Kk, N T EER 2 > N 21 B A R &40
NSy 2, ASSCHR R A% F40 £ 37)(Gramian Angular Field, GAF)¥ J5lUG—4Eh5h 5 640 N IR B T
SEM 4R, SREFHZ RAdam ARG FRIZ ML, HHK A 2 HILF 4 2] (Multiple Transfer
Learning, MTL) 1) /7 VE0 BUE AT RAESEHC LA AR A4 SR, a7 AR UE 1 B8 7 A 280k

2. WA

AN RL U A 3 (GAF) & 56 T4 17 4 P (Gramian Matrix, GM) SR A —Fh s WS -5 75 51 4% 1r) 1]
AR 2 i IR [23] 0 M S AR B ) B 20 -

<al=b1> <a1,b2> <al’bn>

G = <a2:b1> <a2;b2> <a2,:bn>

(an;b1> <an;b2> <an.bn>

(M

:—tﬁEP<a b, >%Ta 5 b, PiTAHEE] A A AR

FIF 23— b PR F I 8] 47 l‘l‘ﬁﬁﬁjfﬁﬁﬁﬁﬁi#ﬁﬁéﬁﬁ%ﬁfngft?gfiiﬂfﬂ"ﬂﬁﬂﬁ‘ﬂfﬁﬁﬁiﬁl
i ER . EE RS I BRSO BB HHR RN o XA RN 8] PP 02— 2 0, 8 X I (R R ot
QR REOR BE T ORI TR AR, (ERERE R & TR M BRI A, B RRUVE R I R e A v B R
FRAERIE S5 i 7= X 0 TRk, S BUE M BB IE NS, O T35 T AL AR I 200 () CNN 2 AHIY
N T AERH UG I R B AR B 5 5 P A5 R, R Z0 — 4R AT i 4E[24]

Kt A N AR R RoR, FE T AR R T I TR P50, 52 SUR S 79 -

cos(6,+6,) -+ cos(6,+6,)

G, = 005(0?+91) cos(9?+6’n) S AN s N2l ®
cos(0;+¢91) cos(0;+t9)
sin(6,-6,) -+ sin(6,-6,)

G, = (@m0) 6 0)| TRy v e 3)
n(6,-6) ~ sn(6,-0)

AT =11, AP AR AR, X RREEHBUE TS, X7 £oR X NERE.
G, 5 G, 7 AR LA £ F137)(Gramian Summation Angular Field, GASF) 5 4% H7 4% £ % 37)(Gramian

DOI: 10.12677/sg.2023.133006 65 BHE L


https://doi.org/10.12677/sg.2023.133006

i 2%

Difference Angular Field, GADF). G5 G, 7 5 EZARIAE N E L . 9 7 HARAR R T HIA
JER IS 1 H B LS B AR IR R, TIRTE G iE =2 G, #RX WAHET T H8TE X

<xl.,xj>s =cos(f+6,)=x,-x ,—1-x" - \[1-x7 4)
<xi,xj>D=sin(6’1—6’2)=dl—xi2~xj—xi,l1—xj2 (5)

BT ROMAREILR, K@) 5RE)EEI AN G TR a5 B S mi
MR XK, AR I A BAT R M (I SCHPI e TT0 H - P ARUE SUIIAS— 25, A X AN R i
[R5, Gy 5 Gy, M UL SR ILE R 5 S R AL BE 0 P AN IR, F A PR R — A7 st AT 1 4 2
By 7 B S B 17 DU R E o

XA UR A1 37024 PG G T DASRAS i 2 T 75 210 S IR i [ 81 5 B4 S RO i 1) — e P 15

i FIRTTESAG I "4 R B e B N AR T I R A, I T XU R
SRR R, BRORE TR B IR A SR, BEAh, gk AR T AR 22 N 2% ST 2y
KA,
3. WHAIEBES

BEE HLas 7 > DU S R R A, MM BT R A, M RRECRWTINGR,  HX AN

BRI HAMEST, NERRARZ M BAT ISR 22 Bl AL ERIIT R, JF HIEm] B Teikis 2
FIIZRE R, LA o > AR AR ok 13X — 1) . Oh 13RS RN ZRACR, A ORIt 1 okt

3.1. IBFEINER

BB PR 22 SO S R s A JE, MR it R R A%, M RREBRWOINGR, XA
I IR FARAESS, AKX BEAT ISR, 2 21 Bab 8 3k EORIIN A],  JF Bk vl R Joikik E
BRI ZREE R, TIERS o > AR G M ok 173X — [

G D, « VAR T, UL BRI D, « HEMES T, 82 — MRk rh 2t — 2 SR 55
IR A FI RS 2 3 Frsdrh 10238 — BARE S IR S 5 ST AR OB 252 S 3R (25 - 3T A8 24 2T 1 4
AoREEWE 1 FR. BRI EOR AARE S SRS Z AR ORIRTE, TR IERS 2 3] S i =~ (45 M4
INZRRORAE 22

Source domain Target domain

Source task Target task

Transfer knowledge

Figure 1. Process of transfer learning
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Figure 2. Process of multiple transfer learning
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Figure 3. Flow chart of power quality disturbance classification
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Table 1. Classification and recognition results of power quality disturbance signals with different SNRs

1. TRIEMRLL TERERERINESHDLIRALER

IrRUERZE /%
PBh M SCHR[27] AR TTE
40 dB 20 dB 40 dB 20 dB
Co X x 100 99.9
Cl 98.8 95.8 99.8 99.6
C2 96.2 98.2 99.7 99.6
C3 100 100 100 100
C4 100 100 100 100
Cs 100 100 100 100
C6 97.2 96.3 99.4 98.9
C7 96.5 95.7 99.8 99.5
C8 97.8 93.4 99.5 99.0
C9 97.4 94.7 99.7 99.2
C10 x x 99.6 99.3
Cl1 X X 100 99.5
C12 100 97.6 100 99.7
C13 96.3 94.4 99.6 99.2
Cl4 96.7 94.6 99.5 99.0
C15 96.5 92.1 99.2 98.6
Cl6 97.0 92.0 99.4 99.0
FRIME 98.03 95.91 99.72 99.41
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