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Abstract: Objective Insulator is widely used in overhead transmission line nowadays. It is a unique insulation device

which can withstand voltage and mechanical stress. In order to reduce the potential safety hazards caused by insulator fail-
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ures, overhead transmission lines need to be inspected regularly. It is necessary to detect insulators from the inspection
images quickly and effectively in order to locate and analyze the defects. The electrical grid insulators applications are
mainly divided into two categories: glass insulators and composite insulators. The color and shape are quite different for the
two types of insulators, which results in a severe domain bias in the feature space. In most cases, we can only obtain the
data for a single type of insulator and train the model by them. The detection of other types of insulators will cause the per-
formance of the trained model to drop sharply due to the domain bias between the source data and the target data. Hence,
it is required to improve the generalization ability of the model to maintain good detection performance. Unsupervised
domain adaptation is a widely used method for cross-domain detection and recognition. This method uses labeled samples in
the source domain and unlabeled samples in the target domain in the training process. A domain-invariant (or domain-
aligned) feature representation learning method can effectively release the performance degradation caused by domain bias.
Our demonstration illustrates an unsupervised domain adaptation insulator detection method to improve the efficiency of
transmission line intelligent inspection and maintenance. Method In order to improve the model’ s generalization ability for
insulators in the target domain in complicated transmission line images without the target domain labels, an unsupervised
domain adaptation insulator detection algorithm is harnessed based on adversarial consistency constraint. The proposed algo-
rithm is divided into two stages including pre-training and adversarial learning. In the pre-training stage, the labeled source
domain samples and unlabeled target domain samples are fed into the network to extract features. The extracted two sets of
features are input into two classification networks. The unique feature representation of two different types of insulators is
obtained based on constraining the two classifiers with binary cross-entropy loss. The feature encoder and two classifiers are
trained as well. In the process of adversarial consistency learning, an exira classifier is involved to obtain robustness feature
representation. The features obtained by the source domain and target domain samples through the network are sent to a new
initialized classification network, and the classifier is trained separately through binary cross-entropy to make the backbone
unable to correctly classify the two features. The classifier is then fixed to train the backbone network, and the classification
results of the two groups of features are limited to the same label. The network can extract the consistent and robust features
of different types of insulators. Result This demonstration illustrates that our method significantly improves the cross-domain
insulator detection performance, and the mean average precision (mAP) reaches 55. 1% and 23.4% on the two tasks of
glass — composite and composite — glass, respectively. The analyzed result of our method is qualified on the public dataset
common objects in context (COCO) . The mAP reaches 61. 5% , which verifies our illustrated generality and extensibility.
In the ablation study, the proposed mAP achieves 11.5% and 6.4% in benchmark performance improvement on the two
tasks of glass — composite and composite — glass, respectively. Conclusion This method reduces the discrepancy-derived
domain bias amongst various types of insulators. The generalization of the model is improved in cross-domain insulator
detection tasks. Our method can improve the efficiency of the insulator detection in the transmission line inspection. The
demonstrated results indicate that our method optimized unsupervised domain adaptation object detection methods. Both of
the proposed loss functions can significantly improve the performance of the benchmark, which illustrates that the model is
capable of learning a robustness feature representation. The COCO dataset is demonstrated for further verification.
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Fig.1 Two types of insulators used in the power grid

((a) glass insulator; (b) composite insulator)
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K YOLO-V3 H #r kil /% 45 ( Redmon Fl1 Far-
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e, (TR EE > F- 5 Pytorch #5H YOLO-V3 [
24 3 Mg Hodh 3 A2 5 R], 359
2ANEIEREEZAN, S B YRS 3 042,56 2
JZHIALERE Ry 64 F I 4ERE RN 1, DarkNet-53 Fl1
3 AL IR AL BR B R B ik AT Ak,
T DarkNet-53, & & H %% 2] %y 0.005, 3 & K
0.937, 3 MorZEMI 4% 1124 ) R 4 0.000 1, 5))
I 0.9, FEIIZRad RE R I 25 0 AR B0
M 100, HE R KN B R 16, H ARk sk BCR 1)
ANBHB A, A, A, TER B UG T 5 03 DY 5
Ak FALSS I E N 0.1.3 3.1, TEBE B 4 4 7 5
W A5 iR EN1.3.3.10,
3.3 SKIeXTEE
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PSS, i 48 %) U5 ¥ 4 YOLO (Redmon 4%,
2016) .YOLO-V3 ( Redmon #1 Farhadi,2018) . Faster-
RCNN ( region convolutional neural networks) ( Chen
4%,2018) , Aug-FPN ( augmentational feature pyramid
network ) ( Guo %%, 2020 ) A1 Pisa-RCNN ( Cao %,
2020) , TESEEGD, BT OB A S T B 2 A 4
ZxF MBS UK INAT: 55 ( glass — composite) , FEIZAT 55
T O A 2 T bR (5 B, 28 4% 7 1IbR
SBERFTH, SR Rk 1 s, nTLAE I ARl
2 1Y 7 24 100 RS O = T YOLO ( Redmon 4%,
2016) HARKEING % , AL T 24T Faster-RCNN Bt
(¥ Pisa-RCNN I Aug-FPN 53, XK FERAH
JEP R BB 22 5, A B 02 (A5 5 2 I A 722 1 A
i, PRI 7R 85 a4 2 7 K AT 55 EVEREA . X T
SERBHESE YOLO-V3 ( Redmon Al Farhadi,2018) H 47
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Table 1 The experimental result of glass — composite

WiRrS mAP/%
YOLO 21.8
YOLO-V3 43.6
Faster-RCNN 51.0
Pisa-RCNN 52.0
Aug-FPN 52.8
AR 55.1

[P 1 RS S VA O

[ TEAL 524 2 B B RS 20 2% ¥ ( composite—
glass) g B Sl ARG A 45 , I 2 A 4 2% 1 I BR2S
5 E AN AL bR (5 B, L g Rk 2
FIs o DA AR SCRRAR T Ho A X e 5k,
PIPRS E 5 elass — composite 155 A1 HL3IG, &
SR I GRFE A B A 220k TR 2 &
7 2 FAE AR LB B A 2% /0 2 700 1, BEACR
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Table 2 The experimental result of composite — glass

WiReS mAP/%
YOLO 7.52
YOLO-V3 17.0
Faster-RCNN 19.8
Pisa-RCNN 19.5
Aug-FPN 20.3
AL 23.4

E O PR R L a2

R T G b R S AR SO B U R X 4 2
TR 55 AT AT AL R | 5 A 46 2% T R 3 35
o K I 45 Ay A 7 FnE 8 Fras, Al L
b fE B R 420 5 TR A0 B 4Bk B
BRI SR BE 08 X AN [] 258 Y 19 4 2% 7 95 47 1 i iR
FIFEANL

[FIEF, R 7 R B A ST 3 AT s i o R
fiE41, H COCO ( common objects in context ) (#i &
(Lin 5F,2014) XA SO - 174 MBI 2R, 46
A LTI, 3% 3 WAL Libra R-CNN
(Pang %5 ,2019) Fl Grid-R-CNN( Lu %5 ,2019) J7¥ 1)
S S5 RN L AT A R R G A T AT 55

K7 EEUs i T s 3t

Fig.7 The visualization results of composite insulators detection

K8 I g1 A n AL 4 R

Fig. 8 The visualization results of glass insulators detection
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Table 3 The experimental results on COCO dataset

ik mAP/%
Libra R-CNN 59.9
Grid-R-CNN 60.9
A3 61.5

T L P SRR L4 5

W AR SO AT SR B B (R R BE
3.4 HEANIE

AT EESEAE YOLO-V3 LRl - ¥EAT p et | ir
AR T i gt S A R R A T T T 45 1) A
PR AT T IH R SER

1E glass — composite 1155 4, EH & YOLO-
V3 ST RS AR B s BEAE S S LA 41 7
THRAT G, AR GRad R v, AR SO 2k 1 R AR B
4100, i 70 W RIS 2% 1 F1 H AR 4 2% 43 5l
Wt (7) (8) FEAT YNGR, Bl 22 5 o KB B, 7
70 ~95 YN 96 ~ 100 WK, iIn AXF Bt —EUPE AR,
RIS (9) gk W, FEHEC(10) 4R E |, LR Fx
TR BAEIT LB B, Ay, Ay, Ay P IERCE
H1,3,3,10, (EAERAR, E AR 20 B ot
2 (3) ik 4 2% F E AT R 2E 29, ANl B AR Ik
Y2 FAbRE R THRSCIRZE SR NR 4 PR, th
AT UL, YOLO-V3 (3R 515 43. 6% , A 22 543
FLEFIXTBE—BOPE S R 5, 8 mAP #2815 T
3.9% FI11.5% , KW T A CIAIETE glass — compos-
ite fE55 38 T BIRIRUNN G B4 % T RIe T, 7E
55207 JE B BERIAT T — B0 2 W Bl 2o % 44 2% 1t
TRV R AE RN —BOPE RRAE 9 B B, (o A5 780 % 4 2% 1
(ARG BE g B LA S

*4 WEAZTFIEARZFHMIBRER
Table 4 The ablation study of glass — composite

Tk mAP/%
YOLO-V3 43.6
YOLO-V3 + 2532 47.5
YOLO-V3 + Z 570328 + WHt—tk 2k 55.1

TE L P RS R LA 5

TERE A4 2% TV A bR 10 5 e, | B 3 46 2%
FAE R TCFRZ 09 H AR H, 5 glass — com-
posite SLEG I EAHR], B LA, A, LA, T HIIREN

0.133. 1,885 ks i, nLEN, &
YOLO-V3 AYFEAMEPLUR 17. 0% ROFERL I 22 5502K
BRI X T — B 43 AL 53 50K mAP #2351
2.8% F16.4%

x5 EABGTFIHEBAZTFHMIRER
Table 5 The ablation study of composite — glass

Jii: mAP/%
YOLO-V3 17.0
YOLO-V3 + 255028 19.8
YOLO-V3 + 2255325 + Wi — Btk o 2 23.4

E L P SRR LS 5

RS v LA AR SO AR AN ) H AR R
T B 1 5 Tl ot 2% 1 A DU AT 55 b R RE A% i v A5 AL 1
AE, FEAr UL 1A SCR vk R it O i B e B O A
SRR, TE TG W Y A5 1 T A A 2 42 JBOA [7) 26
26 2% FLA I B R VERFE
3.5 BS¥SH

FEL(11) o, 28 57 53 B R — BPE e B AR
REBOPRIBED RN B A LAy Ay o AT
SIFTALE SR, THE 4 5 5% ek B0 R AU 1A e
ISR, R AR 20 B H b — 005 2% R B A
FH R, HC A T A A R 15 A B A (L, LB LS A
HO R AP BE RS2

9 K28 B Xt mAP fHAE N, FILAEH, B
S EBUE A 1 A1 0.1 B, glass — composite F1 com-
posite — glass AT S5 HUS T B AL 45 R, mAP 4351
H55.1% F123.4% . LEPIESIAL S5, B A RE IR
PERE YU Zh AR H A 3 4> 2 B0 w30 /0N, e e
YOLO-V3 e 2 Xof 4 M A [i) 2 1 48 2% - (9 38
RETT .

KICNNCE S @iyl
Fig.9 The parameter analysis of 8
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Fig. 10 The parameter analysis of A,
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Fig. 11  The parameter analysis of A,
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Fig. 12 The parameter analysis of A,
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