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Fig. 1 Overall block diagram of model
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Fig.2 Calculation of ADPD difference
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Table 1 Dataset V1 for pin-missing bolt detection
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BB AS B £ V2 Nk 2 TR .

EIMG R B AR 9ebr v X B an &l 3 frs . KA
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Table 2 Dataset V2 for pin-missing bolt detection
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3 KU B gbridn

Fig.3 Example of image-level and target-level annotation

322 FMFRAR
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B 1, SAW-PCL £ %15 PCL #5 7Y | fifi Fj i
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#3 RFE pBEEMRE E mAP F1 ADPD XLt
Table 3 Comparison of mAP and ADPD on test set with

different S values

AP/%
- mAP/% ADPD
T B B IR
5 37.8 11.2 24.5 26.6
4 40.1 11.2 25.7 28.9
3 31.5 10.1 20.8 214
2 20.8 9.0 14.9 11.8
1 343 24.2 29.2 10.1

F4 TRBKHHENNE L mAP F1 ADPD XLt
Table 4 Comparison of mAP and ADPD of different loss

functions on test set

AP/%
WREN » mAP/%  ADPD
IEHIER BREIRE
PCL# 7Y 333 6.0 19.6 27.3
PCLAL: 492 16.1 32.7 33.1
JIEUR 2 pR%L ’ ) ’ ‘
SAW-PCLAR ! 34.3 24.2 29.2 10.1

R AR AR T 4 5 R 31 %) T AR P 8 2 B, JE T 2
()57 2] T B DA S A R A L, CRRR B IR A i 2R
B, $5 v 1 o R A T A R A Y o L, AR R
T 22 1) 2 2] T B 1 R B R IR . (FUR, B
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(4, 336 2 R S TE 5 MBS A A5 T S A M AR T 45 ) iR
S, A A8 A R S PR sk A T R AR Y
PR, AR 55 1 ) I & I8 (2% 2T BB T o

1 3 W AN [6] 7 B F mAP (B F1 ADPD {i, %
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SAW FEMZAR BUIGAE V1 b IF 02 1 f5le 3 B A4
(AN BE ) A — 5 11 4 i e

P45 4 mAP fH 1E #F — 20 ih e, >4 i A
P 2% bR R , mAP {H iy, IF R R A RS B Ol
49.2%, 1FH IR AR %) K A FE AU 16.1%, 1A ik
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{EAF S M — PEA 46 Bn i, 2R BR AR R, I A fiE
FE 43 U B S AU T Gl B MR AR B A BB ) o Y
SAW I, mAP {H 4 29.2%, L Fi AU < bk £
FEAR T 3.5%, {HH: ADPD {E )3 A5 T A4 2
PRI LA 1Y) ADPD fH, { A 10.1, 78 ff A 5 i b+
SR IAA, STy dte 1 MR AR A A 2 3K 24.2%, 7EJIT A
Frdab T hem . Bk, 24255 7% 1% mAP Fil ADPD
FEPRIY, SAW-PCL BB FERUHE 4 V1 B0 Bl i A8 A
(RS I BE 71 e 5 . 1B ADPD Al mAP XU FE 45 F
() PCL #5 R 75 K dle 42 V1 | 32 300 M3 0 47 A 2 e e

B Ao 0 RE 7, A T A 5 Pl ) PR s S A B A e U

fdi 4] gk 1 W) i) SAW-PCL # %1 5 PCL #5175
BEE v2 LTI, mAP (A1 ADPD {E % H 4
5 PR, A MEEIESE V2 ERE AR mAP
{EF1 ADPD {E i 25 R & 3, (] SAW J&, IEH
1 H: AP {E M 35.8%, b PCL i &5 1 11.5%, Al il
B FRICHER: AP 1K 28.2%, b PCL BRIE T 21.9%,
ASH] LAY T G 1B A AP (H N 21.6%, Fb PCL 7Y
# T 3.4%, AR mAP i 4 28.5%, tt PCL #H i=
T 12.2%, ADPD i [, PCL ¥ B T 2.5, #& (K 1k fig
BT RIEEETE, W SAW AT LU T 028 (14 46 kG
JEE R T R A R A MR (A DK B A — i Y
¥fre 1, sb— 2L BE T AR SO R E e

FERLRL I8 I CBAM™ B 5, 78 546 4 Vi1
X4 - mAP 1 ADPD {E )X} Eb W3 6 fim . 7E
CBAM Ry Al | 454 SAW Xf PCL # 54 HE 47 I 45,
SE R R, IE R IR R R IR BT T 2.2%, 15 %)
T 42.0%, B4 SRR R DUORS B A K IR R T, $2
T 28.7%, ik ¥ T 36.5%, ADPD 1l [& ik T 26.5, 1L
H 5.5, [AlEE, 5 EELAARIA L, mAP $2 T+ T 19.7%,
ADPD F#AR T 21.8, #F — L i @ & CBAM b
A B SR AR AT (R0 B H AR A G DX S G B M R
REHE — 2L 50 B0 T, 58 IR F B AR dE
fIE, H2 TS5 B WA %) G G B, S A AR 7R X6 AN ) 28
SRRSO JE

F*5 EHIEE V2 £ mAP F ADPD Xjtb
Table S Comparison of mAP and ADPD on dataset V2

AP/%
TE e MW Ay mAP ADPD
BRI BRI
PCLASY 243 6.3 18.2 163 12.0
SAW-PCLEHE! 3538 28.2 21.6 28.5 9.5

=6 TEHRE EIRIN CBAM IR TR LG 45 R Xt EE

Table 6 Comparison of experimental results by adding

CBAM to model
AP/%
Ik mAP/% ADPD
IERIRR BagiRee
PCLARI+CBAM 39.8 7.8 23.8 32.0
SAW-PCLEEAI+CBAM 42.0 36.5 39.3 55

fii 1 PCL A5 Y Y 43 25 4 2 it Ze an &1 4 s
YA VBFIIA 33 000 YR, HE IR BB

o S NI A % pRER B PCL ASE L 3 2461 2
M anl&l 5 fros . kAR EE L 28 000 KT, 5
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Fig. 4 Classification loss curve of PCL model
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Fig. 5 Classification loss curve using weighted loss function
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Fig. 6 Classification loss curve of SAW-PCL model
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Fig. 7 Comparison of bolt image detection effects based on the

proposed method and PCL model
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Weak supervision detection method for pin-missing bolts of transmission
lines based on SAW-PCL

ZHAO Zhenbing" ***, MA Diya', DING Jietao*, ZHAI Yongjie®’, ZHAO Wenqing”’, ZHANG Ke"’

(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China;
3. Engineering Research Center of Intelligent Computing for Complex Energy Systems, Ministry of Education,

North China Electric Power University, Baoding 071003, China;

4. Hebei Far East Communication System Engineering Co., Ltd., Shijiazhuang 050200, China;

5. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: Bolt is an indispensable fastener in the transmission line, and a pin-missing bolt will inevitably cause
major safety hazards. Since the bolt target is small, and the annotation is difficult, a weak supervision detection
method for pin-missing bolts of transmission lines based on SAW-PCL was proposed, and the bolt target could be
located through image-level annotation information. The convolutional block attention module (CBAM) was
introduced into the main network to suppress useless background features, extract fine features of bolts, and improve
the detection capability of bolts. In view of the imbalance problem that the detection accuracy of the pin-missing bolt
was far lower than that of the normal bolt in the weak supervision detection, an self-adaptation weighted loss function
(SAW) was proposed to dynamically adjust the learning degree of the model for different categories of samples,
balance the detection accuracy between different categories, and focus on the problem of pin-missing bolts. Moreover,
the average detection precision difference among classes (ADPD) was defined to evaluate this imbalance. The
constructed SAW could improve the detection accuracy of pin-missing bolts and had a certain ability to balance the
detection accuracy of normal bolts and pin-missing bolts. The defined average detection precision difference among
classes could be used to evaluate the balance of the detection performance of the model. The experimental results on
the self-built dataset V1 show that the mean average precision (mAP) of the improved algorithm is increased by
19.7%, and the ADPD value is reduced by 21.8. The model under the evaluation of indexes mAP and ADPD shows
better detection ability of pin-missing bolts.

Keywords: pin-missing bolt detection; weak supervision; average detection precision difference among classes;

self-adaptation weighted loss function; deep learning
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