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Real-time Detection Model of Insulator Defect Based on Improved CenterNet

LI Fa-guang and YILIHAMU -+ Yaermaimaiti

College of Electrical Engineering, Xinjiang University, Urumqi 830047 ,China

Abstract Aiming at the problem that it is difficult to detect insulators and their defects in real time and efficiently in the course
of electric patrol inspection of UAV,an improved insulator defect detection model based on CenterNet is proposed. Firstly, light-
weight network EfficientNet-B0 is used to replace the original model’s feature extraction network ResNetl8, which ensures the
model extraction ability and speeds up its reasoning speed. Then,a feature enhancement module FEM is built, which distributes
the weight of the feature channels after upsampling reasonably and suppresses invalid features. Using FPN (feature pyramid net-
works) for reference,the shallow and deep features are integrated to enrich the information of feature layer. Secondly,the coordi-
nation attention(CA) mechanism,which is a mixture of space and channel,is introduced into CenterNet-Head, which makes the
prediction of category and location information more accurate, Finally, Soft-NMS is used to solve the problem of “single target
and multiple frames” caused by inaccurate prediction of center points in the process of model detection. Experimental results show
that the precision of the improved CenterNet is improved by 11. 92% , the speed is increased by 8. 95FPS,and the model size is re-
duced by 54 MB. Compared with other detection models, the accuracy and speed are improved, which proves the real-time per-
formance and robustness of the improved model.

Keywords Insulator,Defect detection,Feature fusion, Attention mechanism,CenterNet
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Fig. 1 CenterNet network model diagram
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3.1 4FAEREUM 4% EfficientNet-B0

EfficientNet J& —Fh F| F #t 28 I’ 2% 22 45 48 2 (Neural Ar-
chitecture Search) M7 35 T1 Y P £ 455 Y, JHC 3 3o 405 il R 5 ok 4
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£ 1 EfficientNet-B0 [ 4% f5 %l

Table 1  EfficientNet-BO network model
module kernel/
stage module . outputs
numbers stride
1 Conv0 1 (3,3)/2 (256,256,32)
2 MBConvl 1 (3,3)/1 (256,256,16)
3 MBConv6 2 (3.3)/2 (128,128,24)
4 MBConv6 2 (5,5)/2 (64,64,40)
5 MBConv6 3 (3.3)/1 (64,64,80)
6 MBConv6 3 (5,5)/2 (32,32,112)
7 MBConv6 4 (5,5)/2 (16,16,192)
8 MBConv6 1 (3.3)/1 (16,16,320)
HxWxF

y

Conv1x1,BN,Swish

HxWxF(1/6)

DWConv3x3/5x5,

BN,Swish

Conv1x1,BN

HXWxF]|

HxWxF]

[ 2 MBConv(1/6) Kk
Fig. 2 MBConv(1/6) model

[# 2 1, SENet ( Squeeze-and-Excitation )®™ & 2 # 17
Squeeze PRAE DB RS R /N R HX W X C (085 4E 18 8 1 42 /)
¥4k (Global Average Pooling) %} 4 ™ 1 i # FeatureMap i
TR E] 1X1XC W8T R G T AP A 4 1 42 )2 i 47
Excitation #4F il i Sigmoid B 1if o8 0K HIH — 1L 0~1 Z
[6) , FEAR 2 B — 3 3B Y A 5 i AN T 5 JR R B A X LA e
SEPLRHRAEE BB 40 . SENet B 28 4549 U 18 3 B .

Global Avg pooling

1x1xC/r
1x1x(C’

Sigmoid

multiply

HxWx(

[§ 3 SENet fit ¥ 4% 45 14

Fig. 3 SENet network structure
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SENet &% Jy ML 3 b [ 2% > PO T AE 55 19 22 2 AR
AT 32X 3 4 FOGH H BB 1 R AE AT 8 A DAL R 7 5
JE T 1 X1 A RO A5 B 1) R AT 18] 109 38 18 B AT R, LUE T
TEHE 4E BE b PR35 SL AR 181, FEM B8 Y M 45 25 4 4n
[ 4 BTR .

Conv1x1,BN,Swish
Conv3x3,BN,Swish
Conv1x1,BN,Swish

Conv3x3,BN,Swish

Conv1x1,BN,Swish

A 4 FEM BH iy 0 45 25 1
Fig. 4 FEM module network structure

3.3 CA-CenterNet-Head #& il % it

HOARIEE FE R S UL SENet Xt #2788 i LA B 3
B AR R 38 0 25 Z0 W 7 05 8 T 07 A B X A 1 A
W AR EE, K, A S AR ER CA TS % E
B IHLEI 2 A SENet 3 38 3 2 7 MU 09 28 i A 23 867
B ML g 5 Brs
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| X Avg Pool | | Y Avg Pool |
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| Concat +Conv2d I
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| BatchNom +Non-linear I

Cx<1

Sigmoid
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B 5 CA H=ESHLE

Fig.5 CA attention mechanism
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AL A8 T R A 1 AR R S AR B
Je R w AR D7 1) 3l ad (1 X w) Al X D) £ Ry - 353
TR R A FRAE . DB BE T DAVE 5 — 44 8] J7 1) 4 9K 72 4K 6t
KFR AT LIV & 5 — A2 (6] 5 a4 B8ORS 0 00 007 5 1% 8, 0 2
B R AT TR 43 31 S ) g — % 5 1 S S R A URR ) R AE T
SRJG 1 Sigmoid ¥E MRE XF w F A WA YL BE 1 REAE AT
BUEEAMBC . 55 T A 55 3 5 A 4t B ) AU(E A 3 A5 31 4
R I L R bR B R AE B A, DL B OG TR X 4 Y
TR,

T R AR B H AR 2 B0 (R A O A A
B, 7R 0¥ Hom A B CenterNet [ # M # Ht ( CenterNet-
Head)1 X1 HH 5 3 X3 B i), #4 # CA-CenterNet-Head
K IASE B, ) 2% 25 K 4 TR 6 BT

| Conlel,ISN,Relu | ‘ Convix1,BN,Relu | | ConlelBN,Relu ‘
v
| cAModle | | cAModue | [ cCA Module |
v v v
Conv1x1,BN,Relu Convix1,BN,Relu Conv1x1,BN,Relu

(B,4,128,128) (B,2,128,128) (B,2,128,128)

5 6 CA-CenterNet-Head #53 [1) ¥ 2% 45 44

Fig. 6 Network structure of CA-CenterNet-Head module
3.4 FPNHHERA

PRI P 2 T 4 B G T o A5 R, T IR )23 0 4% B fn O 12 1
SUE B 25 FUHTR 2 B9 RHAT SR BEAT R , 25 ¥ A48 2% 7 B 3x
I B BRAG DA S 5, BB ) T0IAE A RE 58 4 WA L SCAE
R A S S R AF 4 3 (Feature Pyramid Networks, FPN)
kXt EfficientNet-Bo $2 BB ¥ )2 5 R B R AF SE AT AL &, L
FE AR 25 BRI S MO B xRS KN 16 X
16 B HRAE FE BEAT L 2R EE & FEM BRENGR , 55 32X 32 (R HFE
VI 7 3 48 BE B AT DR s SRR AR B Y 32X 32 R/ RRAE
EHEE LR ERrE 88 R F RN R 64X 64 EHE ; 55 5 0 R
SER/NA 64X 64 MY HEAE Bl 2240 1R AHE Je FEM FEAE N ag 5 K
/N 128X 128 B HRAE I 147 308 3 4t B PF % AR 3 & & BAR(E
BIRHEE

AR AR I b e B YOS B 28 EfficientNet-Bo 1 45
TE SR R0 2%, 2 Sy 16 A 2l {8 O 20 AR e i il £
PRAEREAE 32 HURE ) B BT EE N, AR Kb ek /b T BT (1 S 4t
DT AAIIEEER E , SE AT B AT FEM RRAE Jinsa 5 B
1) FPN R fl G 8 4E Gl A 227 > 59 75 20k FEOB0 24 5 4
GF R BEAG AT 5 M R B AE M S E R E R ERNT
oIS 5 FEM FRAE S8 (9 38 )2 R4 5 0% B R IE Al &, 18
% 5 48 2 - BRI ARG U0 RS R ) [ R i R 3 0 ) R A 2 A A
TRJZ W0 AF B X2 00 B 05 B SR 5 78 A AR e v ofim A
235 E IR A W E B I HLH CA k44 # CA-CenterNet-
Head , fiff 245 70 77 T 48 2% - S L Bt s 285 531 19 [ B s G 1
MBEAEE . A ORI ) 45 S5 40 A1 7 TR, Hodh B 2R AE A
FETR B AE $2 B W 4% EfficientNet-B0, B 32 78 PFN $##1E fil &

W 4%, C FnF AL CA-CenterNet-Head,

A EfficientNet-BO

Conv0
(256,256,32)

|
|
: o _B _FP_N _____ C CA-CenterNet-Head
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: | 1xMBConvl | e o ! : ]|
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N v I L R I | I
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¥ ‘ G231y [T FEEAH ‘ Pofos |l S0 3|
| | | X | | = = Sl |
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I 4xMBConv6 P E
| | |
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Fig. 7 Network structure of the proposed model
3.5  Soft-NMS 1 [E] f5 &b 12

AR CenterNet K i 55 v J2 3 4 44 F7 181 & 3] vh o0 21, 4K
S MR I R0 R ) R AR AE R TR0 B b ) 200 B A A B,
TR T 46 G 13X Fh 224 4R 19 B B, o L3 #4033
I TG AL T RE S AR B Z Al S BB H AR £
HE™ [] 18T, RIVAN 1k — > 750 0 A o 17 ] — A~ ELSE R i ol . B
L 51 A AR K AE 31 4] (Non-Maximum Suppression, NMS) %
K6 45 B VR AT T Ab B ER AR L NMS #3182 0 2l (5) B R
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T B AL S 9 NMS 547 J5 b B4 7R 28 A 8 T A
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HE PR A R A 05 B0, 8 Soft- NMS X 46 I 45 5 1 47 P [+
JE A B, AR dou T B A T HE 1975 4> ELBEE 0. i 2
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5 iou(M,b;)<N,

T s A—ioa(Mab,)) s iou(M.b) =N, ©
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SR HEAT R BE 2 S s L IR BE 2 I HE SR J2 Pytorchl. 4, % %€
Opencv3. 4 F1 numpyl. 18. 4 %5 — & ¥ %5 = J5 J& K th B 101
B1T .
4.2 HIEE

S IR A 4 % 7 HOHE 4R R i B AL R FA 4 1Y 3000
RSB ES L% T M E AT 2 TR R A . A B i
B 600 TR AE g AL 4 T A 1 2400 FRAEMINZRAE . h T 42
1 R A2 AL BE 7, ki 100G XN R I R AT R0 1 o
A BT, 32 A AR T BEALER 5 | R AR M A iR TR S R R
VR O HBRY FEE 6000 3K, AR5 Labelimg H #R
G0 P21 5% A 12 304 T 50 40 41 v 1Y) 3% B 48 2% F (Insulator) L 3%
B2 2% T B (Flaw) 2 A B 45 2% T (Insulator]) f&E & A1 4
ZF ik FE (FlawD X 4 28 HARFATAR I .

H, kBt RZA5 2R EMNERERE
FeG R T R R A R E R E L2 AR, B TE
PNNIP NN N R U5 AN S D iP5 i AR . N
TN SRR PR & BB sh B4, S8R R A8, B
AETEATHE £ B2 BEAL M 5 3000 45 2% B L B B ol b 15 45 o, 0 3
PP TS O . AE X 2 R AR T L A AT 55 AR A5 B A Bk
HRE, BEE TR B R a2k T R G B T IRl 8 iR .

8 sk TrEA
Fig.8 Insulator samples
4.3 {FMIERR
AR SR FAE R K /I (Model Size) i B i (FPS) |- 8
H BE (Average Precision, AP ) Y {H 5 )85 B (Mean Average
Precision, mAP) V£ S £ B () WE A #6 bt . AP I mAP 9115
A (D =K A FiR

_ TP
TP+FP

P (7)

TP

R=TpTFN (8
1

AP:J P(R)dR (9
0
k
AP,

mAP=- A 10

H 1, TP(True Positive) {38 Ji A Sy 1A A% H 94 I S 1F #
A% ) B bR . FP(False Positive) 1838 AR A ffRE 7 {0 45 46 0 4
IEREA 9 H #% . FN (False Negative) f{ 3 J§ 4 O IE #¢ A4 {H #
Kb REAR B E Ar, PSR R N MR, AP LK
—2 P~R LT BA S 3640 1 1 AL, b AR R AR AT H AR 2
BIE m AP ACE PTG I AP H BRI,

4.4 A%

i FR 0 43 S B AR S I 2% A5 A 1) ) L o e b 3R /1
WEA 8, Adam 1E 4 R4k &5, 43 W5 28 58 MUY 2k, S 48
HIYN 2 327 4~ epoch, HH,HI 10 4~ epoch X 4 #1 JE 7 Tl 4,
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Table 2

Ablation test results

Experiment

Efficient-BO FEM CA FPN

Soft-NMS  mAP/% FPS/({/s) Model size/MB

1 — — — —

2 J - —~ -
3 J J —
4 J J J
5 J J J J
6 J J J

- 80. 33 19.92 88. 00
- 84.86 30. 30 32.40
— 86.13 30. 00 32.80
- 88. 94 29. 40 33.20
- 91.90 29.00 34.00
N 92.25 28.87 34.00
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M 2 0] LLA W51 AN [E) 1 et o W X 4G D 80 2R Y 5
W, S5SCEG 1M H, SEER 2 8 JR A K A A CenterNet 119 £F
AE B 2% ResNet18 B Jy % 8 2 4 LU 4 [ 2% Efficient-

Net-B0, i1 T H W 4% 250U FRAE 32 BURE i, FR il T
BB B SRR S, N SRS R Z  mAP 15
T 4.53% . FPSH#:mE T 10.381/s, 555 2 fHI, 525 3 78
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Table 3 Comparison between the proposed model and the original

detection model

insulator  flaw insulatorl flawl FPS Model size/

Model mAP/ %

AP/%  AP/% AP/%  AP/% /s MB
ResNet18-
. 79 83 90 80.33  19.92 88
CenterNet
ours 94 92 92 92 92.25 28.87 34
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Fig. 10 Detection results of the proposed model and original model
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Table 4 Comparison of the proposed model with other detection

After Soft-NMS operation

models
insulator  flaw insulatorl flawl FPS Model size/
Model AP/ ,
odelupsv apsvaprn oaprn "M g0 e
ResNet50
. 84 87 85 87 85.75 16.07 124
CenterNet
YOLOv3 72 73 72 81 74.47 16.03 235
YOLOv4 89 90 90 89 89.23 17.86 244
M2det 87 86 88 91 87.99 13.47 228
RetinaNet 85 84 88 84 84.99 18.42 145
Efficientdet 82 67 73 73 73.62 34.23 16
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- 73 72 79 74 74.50 31.28 23
Tiny
Ours 94 92 92 92 92.25 28.87 34
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