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Transmission line fault cause identification method based on multimodal residual network
integrating waveform and weather information

LIN Fengkai', WANG Jian', ZHAO Qi*, XUE Han', PENG Yinzhang®, NAN Dongliang®
(1. State Key Laboratory of Power Transmission Equipment Technology, Chongqing University, Chongqing 400044, China;
2. Electric Power Research Institute of State Grid Xinjiang Electric Power Co., Ltd., Urumgqi 830011, China)

Abstract: To address the limitation of existing transient waveform image-based transmission line fault cause
identification methods, namely, that the use of single-type input features prevents fine-grained fault cause classification,
this paper proposes a novel fault cause identification method based on multimodal residual network (ResNet). The method
integrates transient waveform features with weather characteristics. First, the characteristics of different causes of
transmission line faults are analyzed statistically in terms of both transient waveform and weather conditions. Second,
transient waveform images and one-hot codes for weather conditions at the time of the fault are used as inputs to an
improved multimodal ResNet classifier. A channel attention mechanism is used to fuse the extracted fault transient
waveform image features and weather features, enabling training and testing of the fault identification model. Finally, real
fault recording data are used to perform case study verification. The results show that the proposed method achieves a
fault cause identification accuracy of 94.87%. Compared with traditional fault identification methods, it requires fewer
fault features, offers superior discrimination for easily confusable fault types, and provides significantly higher
identification accuracy.
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Fig. 1 Fault waveforms of transmission lines caused by typical reasons
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Fig. 3 Identification model of transmission line fault cause

B, =max( (), z-Dxd +1<t<zxd (3)

el R MAL RS B d R SR I A
z R JZ FOS N RO s ¢ I 5 K i
SEIRRSATE 1 2

o0 44 1 P S22 4 93, B 4 AR PR AL R
EGEITR LA 2% 3 B EPI AR 9 33 BRI
KA 1 BRUR LS DEBRRT Ay 1x 2
K9 2 IBRIEE AR . 0 N Mot Bt i B
HEATHERBER, i T HEZH— KR 2. B
BRI LB RUZ ST R A 5
e, DRILERRRAE BT 3/4 1S AR 2k
IR . 7 AR SCTE R R R B TE R BB 27 1
BERERMAT — MR A 2x2 . KN 2
HPTIIBALE, IR EERUZRB KB 1, DR
SN BR 290 4% PR PR3 S80I BRI R 22
B2, BT A MY UG AE o 7 72 I e B
SIS R AR G R it
EHRAE, 4 A R AE I R AR B J 1x 1% 512

2) Ao B4

CNIN' 38 36 £ FH i 2 K/ 03 B R AR U 4
R, S R BT 1 SR AT SRR A 10 77 5 A
15 FE b — S R U 3 51 4500 B S A 00
TTFRFAEFRIU L REOS PR ECR 10 R BORRAE, TEIESK



-28 - W) R GRP bk

B — S50 4 RRRE A R, 4t 4%
(fully connected network, FCN)gE %18 i & — JZ [
&5 L —EM T MEoHIER:, S —4E5
P2 R A EEE T, SEEMNEE
NE. B EFH 2 3 Fhgii. Bsl= s
ekt @) RIMBOER:,  SEIU i N £ 1
HE, TR 4 B RHAE -

N
(k) _ (k) (k)
z; —[Z::]w,.j x, +b; 4

A w9 RHA x, BIHS &k DBRIRZ AT
5 b RMET; 20 W E. )5, B ReLU
BOE R, BENZAE T A

al) =a(z}") (5)
X o RRBIE KA.

ARG R FH A T 32 0 4% 1) i N 2 R B e 2 S 3
X RBIR N RER I M A B A TS
MION 8, H—REZ R e MO 50, kR
SEZ AR TC NN 2000 B R SF N 18 [ —4
RGBT AR N 2 IR 2 IR AN 5 AR e 1k
BHRAEE, HAHE RSB N Ix1x512 .

3) JEEE R ST

JEE = JIHLE SOV N 2 A PAT A A EE T
W, SEPUNANEREITE HEVER E E5 5, At
b Al B B ERAE, ORI R B, AR
SENet 2% H ¥4 T iUl (squeeze-and-excitation, SE)
LR, B X I8 T R AR OC SR AT AR, S
TEER IS SR 5 R 14 /)
AR R — Ml BT A TR A, AR
—ANIEIE A R RHER R . R U R R 2 2
B 2 ] AR OC 2R, VRN IEE AR A . B
Ja, W15 3 I8 TE A E 5 A R AE I R G TE A
e, SO FERERERRE o S MM HHRFE
FIHEETE S AVREATME S, AR R
N 1x1x1024 o

4) %t Aoy

S SE BHUMRHIERL G f5, 45 Ak E
L&V )2 (Flatten) LA & BN [IENALACEE SR 1H A
PG, B E G JE M Softmax 2=, HiH X
EFTHEIRSE I o 0T B J5 R, ) 2% 1)
MRS ks 5. Wk UK R R
6 it S Ao

3 EHInth

3.1 HENIZSNR
NSSIE SRR AT Rk, ASSCRAEE 1 A i

WA RSB T,  SEURTEREAT B R o i
V4 AT LA 5 5 B S R R 33 70% FIREAAE il 25
£, 30%MAEARNE RIREE, B RYIZ SN
o RIS FEFH BRI KR ECRHE Softmax
I3 A G A SO S pR L, Ak s TR
Adam FEPSRBATSEGMA. FIR, AT REREE
N PP R R HHR R e, A SOl FH R RS Bk
TR R e, A A n=6)Frr.
NPT
A_NPF+NPT (6)
K N, AT KIEM IR S E; N, AT
W5 R IR S
RN, AT REBIRAA RN GSET R
HRRROR II52m, A0 s s, EAR P
ZHEE T, 5B )% L=0.1. 0.01. 0.001,
0.0001, HAIHLYIZRE B=32. 64. 128, 256, il
B E=10. 15. 20, 25. 30, #EATHRAIZ
EIR
IS EE R 4—1K 6 fim. i 4—
K 6 Al f3: 24231 L =0.001 RGO R, 4
22 S)E L J/INE 0.0001 B M R I HERT R T 46 T
B, I PR A /N ) 2 =) R o A AR Y (1) 40 2K o
TR T 4 R IME . T KRR2E I RN &5
FURTY (P2 BB BT VRIS, a3k i PR AR 2 Y e
R . TRV R IERL, B = 64 RFBIRLH #E
PUSCR B, 2 B kRS0 128 B, B 1R
MRS B, X RN KR g E S 55
EEERITE O, MR ghifa e tE S e R . I8
WEOLT BRI GRS AR RIS A 70
MNP B R PR R A & . BEE IR 5

100

801
L=01

S L=001
3 60f £=0001
€ L=0.0001
@
® g0t

20

0 L L L L
0 5 10 15 20

PlEE
E 4 FREIZFIFTHHEREIHERE
Fig. 4 Fault cause identification accuracy under

different learning rates



MER, & T SSRGS G IR Y -5 RS B R v 2R i i e S BRI 1 2% - 29 -
100 T T T :
Wk 00%  00%  0.0%
80 1
] 00% 12%  00%
K—BT 5
& | B=64
B 60r B=128 1 W R o 0% S0% 14%  0.0%
g B =256 P
ig\ 40t gé mk 4 0% 27%  oov [EIKD 27%
i G 00%  08%  04%  0.0%
. ‘ ‘ ‘ s 4 00%  13%  00%  80%
10 15 20

PlER
B 5 TR E T RS R B PR ERE
Fig. 5 Fault cause identification accuracy under different

batch training quantities

INZRAER 2%

10 15 20 25 30
TR ZRECHL
[ 6 TEINGE T RS R E PR EHZE

Fig. 6 Fault cause identification accuracy under different

training epochs

BN, 24 E =20 WAL X SR e v A 0k B e
fEo X EHEE 20 B, JLAERAEE L T RS GR R R,
X2 N 2 (I R8s S BUR BRI 2RI R AR
JUEPEE

ZE BRTIR, AR SCER MBI SH N 5] %
L=0.001, ARG E B=64, AHlZFEL
E =20 o A A5 7Y o o e o Ji IR S AR M Al SR R
94.87%, ML IR HHRTRIEREMEWE 7 Fis. H
Bl 7 BT RIA S 7 VAR AT e iR R R R H B T
ADVRARRR, R R R AR TR 13X T L2t () i I
PR BEL IR SR RHAIT , o A o P )l o 27 2 e T RS A
BORARL. RIS, SCH AR R AR MR 2 R R A
BUAH IR, Fr DA B 44 5 3507 o S 5 Ji PR R TRV o
Rk, 755 2RIt 0 v 2 RE 8K S A 5 <
R R A A B A S R H A A B R R IE AT
it B RBAR IO R

RO BT T S Y
T R4S

7 W REYHRR B

Fig. 7 Confusion matrix of fault cause identification

3.2 5EAM AR ELTE

N T BIAEARSOTIEBUR , ARIGENA
[F) TP 2 AR R 5 L AN [ X 28 A2 DL S AN R I
ZRAMREA EE] 3 AN BERIFEAT R EE 525

1) AN [ o 28 A TR 25 4] ) AR 45 R0 L

TEREAT P28 BT S5 K IR IE I, A
ResNet18 W%, AlexNet MZ5FIREE CNN pIZ5HEAT
T HSREG IR PR Y S AR ST 1A R )
I 46 5 I 252 B LA /D B 42 B A By LA B8 TR 3R 0
SLHRIR . B2, BB HIEHHRLE R 2
F7R o

* 2 TREIMRBHEPEHHRR
Table 2 Fault identification effect of different models

RES ] /%
AR 94.87
ResNet18 91.32
AlexNet 83.58
CNN 7821

MR 2 145 R 7T 51, ResNet18 4%, AlexNet
A28 RIS CNIN X 5% o e e J 5 K1 P 3 R 4 Sl B A
T 91.32%. 83.58%F1 78 21%MIHEHIZ, =FH W%
(1) A 5 ot R R AE A SR I T A SO . AR AR
DRI AR S 15 H S0t P B 2 X 2 A e g iz 32
JZRENS AT R BRI OR B — A M s . LRI T
AP EUR HRFE

2) AN [AI X ZE RS B HER 25 SR T L

TEFEAT MBS IBAERT, A SC SR ks
BV EURAE RN P B WX 28 34T 1 X b sk
5o R bU SEEG 38 SR AR ST T 325 AR [RIRE (1 IR 28 32 A 45
PRI S H U AR R ISR SR . %, A
[i) DoY) % RS T i P R 5 SR ke 3 s, 1 8 T



-30 - B 2GR 54

7N T DACS#E ResNet 2% Jhy 3244 1) 22 LS ) 245 11 B
RS 10X 2% ) s B VR VR L
&R 3 FEIMERSHPEHHRABER
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Fig. 8 Confusion matrix of fault cause identification for

different network modes
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