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Fig.1  Network structure diagram of RetinaNet algorithm
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Fig.2 Example diagram of the state of pins

2.1 K AiaEFHES 1T

RetinaNet >R Ffl FL A H B9 28 SO0 2%, m]
DATERERR AR BE b 22 A 0 55 15 5% A0 e 3 DX oty 0l
KBIAFIFZ M, (H AR A B = 15 P g >
B2 R R T R R U 57 SR XS N
HRAANZEIEAS A R R R B [R] Y, RIVEEAS 8 H
Pt AEURE AR ) AR G A I R a2 TR
LPRIERAFF G X — BRI BETET o RS
TR R Z B0 R R 2 AL T IE s AT RS, R e
IALIEAGE IR 4R 21 Y 22 BORE AR RS I W AR A, 1A
FIBRIC, JUHIR AL Bl X Bl fE AR AS 23 5 L, SR 4R
eI,

FHN, TENAL A B R LA B2k B 1 A )
25 B BE A IR T A D B IR, 4n e A HLAA B



82 ) E R

(RS0 A A5 B R #5704 b e RS 52 e ] R 1 T A
JE 5 ] PR it 1) B AR ) T JC A LA AR 9 A B LA
TOSR R B, RO & R B s 19 4 B (H A 5T
FERE TR IE R HRe AR AR /N Lo A, I H AR AR R Y
BENLIEEAF S ST S R A 55 %
2.2 ETHHIFERFEMIIERRE

BEXF 13 Sk B B AR 2 5 | A 2 A
i, SCRPERCHR 2 T E AT e, 48— I 2R SR
LR SRR A 3 2, MR A B D 11 2851
AL RS 3 B A AR A AT A, A5
KHIEFRMNEAR R BT — 2 R 2002
Hgmpla, K3 AR AR E PRI

(1) HEFPTHE. e HE 28 500 %) J 4 B8 HE 7 )5
TR — 2 & REASH

(2) FRIBFEAXI N I RG A . MIEEHE R R
R TE 5 A A HION B — SRR AR A Bl — A B ATLHE 571
(5122 , SR I (5 FH 25 28 501 1 BB AIL 806 A Rz 7y R A 5
K A RIAE R R S 1 5

(3) HEFEARENLYNR . ARIEEE PR R
5 | DR I 2 30 PR rh 4 BROBCHR | A= mZ S AR AR T
GIRZIESE

(4) MBI AERIGHNR . B L5
REEG A IE B ITRLIRIT , B o] 15 2] 55 4 B 15 51)
K2 R B UG B 3= b 45 A2 AR A 5K
ORI

(5) M HEm L BRI RN, Y3 [ 5651
Fh A B, A AR IR A A I SR

KR TME

A
Kiﬁﬂfﬂ%@
A R

(LYIES

o

IBEIRE

B3 ETHAMNTFERFHIIKRKRE
Fig.3 Flow chart of training strategy based
on category balanced sampling
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Table 1 Three categories of confusion
matrices for pin defect detection
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Table 2 Computer software and hardware configuration
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Fig.4 Average accuracy rate curve obtained by
testing each round of trained models
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Defect detection of pins based on RetinaNet and class balanced sampling methods
WANG Kai', WANG Jian', LIU Gang', ZHOU Wenqing', CHEN Jia’
(1. School of Electric Power, South China University of Technology , Guangzhou 510641, China;

2. Heyuan Power Supply Bureau, Guangdong Power Grid Co.,Ltd.,Heyuan 517200, China)

Abstract: The traditional detection method for the defects of the pin on the power connection fitting in the aerial survey of the

drone is dependent on manual marking. Aiming at this problem, the deep learning algorithm RetinaNet is used to automatically

extract the features of normal and defective samples and complete the fusion of low-level features and top-level features to

achieve automatic labeling of defects. Considering the fact that the number of defective samples is much smaller than the normal

number of samples, Firstly, the influence of the category imbalance caused by the deficiency of the defect sample on the

recognition result is analyzed. The results show that the trained model in this case will make a large number of defective samples

be mistakenly recognized as normal classes. Therefore, at the data level of RetinaNet, class balanced sampling is proposed to

ensure that each category has the same opportunity to participate in training. The experimental results show that the proposed

method can significantly improve the average precision of defect categories under the premise of maintaining the high recognition

rate of normal categories.

Keywords : deep learning; category imbalance ;class balanced sampling;average precision
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