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Multi-type insulator detection algorithm based on improved YOLOV7-tiny

Liu Xi, Chen Chen,Shuang Feng

(Guangxi Key Laboratory of Intelligent Control and Maintenance of Power Equipment, School of Electrical
Engineering , Guangxi University, Nanning 530004, China)

Abstract: Aiming at the problems of limited insulator type recognition, poor positioning accuracy and lack of robustness in existing
insulator detection algorithms, a multi-type insulator detection algorithm based on improved YOLOv7-tiny is proposed. Firstly, the K-
means++ algorithm is used to recluster the anchor box to obtain the anchor box size which is more suitable for multi-type insulator
datasets. Secondly, the WloUv3 loss function based on the dynamic non-monotone focusing mechanism is designed to address the
imbalance between positive and negative samples in the training process. On the network structure, firstly, the Cross-stage Feature
Fusion-ConvNeXt Block ( CFFCB) is used to capture more context information at the Backbone, and some occluded insulators are
accurately detected. At the same time, at the Neck, the SPPCSPF is proposed to replace the original SPPCSP, which effectively
improves the detection success rate when the insulator is close to the background, and effectively improves the missed detection situation.
After experimental testing, compared with YOLOv7-tiny, the mAP of the improved network model is increased by 2. 1%, reaching
97. 6% , which effectively improves the detection accuracy of various insulator types. Finally, the grabbing experiment is carried out on
the UR5 manipulator by using the detection results of the improved algorithm. The actual grabbing success rate is about 90% , which
verifies the feasibility of the algorithm.

Keywords : object detection; YOLOv7-tiny; insulator detection; loss function
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Table 1 Anchor box size before and after clustering

i J2 RIHT RE5E
80x80  [10,13, 16,30, 33,23] [23,28, 34,72, 46,89 ]

40x40  [30,61, 62,45, 59,119]  [73,147, 79,56, 106,284, ]

20x20 [116,90, 156,198, 373,326] [463,67, 528,160, 590,100]
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B I 8 5380 (floating pointoperations , FLOPs ) A #
NN TR SSET i = A S P a3 | )

TP

R= 8
TP + FN (8)
TP
P= 9)
TP + FP
2 AP,
mAP = - (10)
n

. TP (true positive ) 18 3¢ EIG b L8 73 25 B9 4 2% 75K
15 FP (false positive ) {585 5 5000 by 26 2% 5 10 55 i
FN(false negative ) R4 2%+ 1R 73 F T S AR n
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Table 2 Comparison diagram of the effect of loss function

Loss mAP/% P/% R/%
CloU 95.5 98.1 91.8

WloUv1 95.1 97.2 92.1
WloUv2(y=0.5) 95.9 95.0 93.7
WloUv3(a=1.4, 8=5) 95.7 95.2 93.1
WloUv3(a=1.6, 5=4) 96.2 97.2 93.3
WloUv3(a=1.9, §=3) 95.7 97.5 90.7

SEUS LR RIS di ] WIoUv2 Al WioUv3 )2 fifi [ 2%
RREHDKS B S TE (R F WloUv3 1B SRy 51 25 Bk Bk, 460 250 B {4
RS FE R BUEAL T WIoUv2 Al WloUvl , Jo HE B8 o L
1. 6,8 B4 (s | X Z5ASE AU SR 5 b

2) JH Rl S 5

FON BRI TR BT HIRIREL T REAS B 1 25Ty s AT S P 2
2.3 EZWERHH ] (R 32, AR SC LA YOLOVT -tiny 5 JEHERE R 50T LU
1) 451 5% BRSO L 5255 TIHRmLSL A5 3 iR,
=3 HEAZWER
Table 3 Results of the ablation experiments
CFFCB  SPPCSPF K-means++ WloUv3 mAP/% P/% R/% SHH/10° Flops/G

95.5 98. 1 91.8 6. 04 13.3

vV 96.5 98.8 9.6 5.99 12.6

vV 9. 3 96.9 93.9 6.63 13.3

vV 96.3 97.5 93.2 6. 04 13.3

vV 96.2 97.2 93.3 6. 04 13.3

vV vV vV vV 97.6 96.5 95.3 6.63 13.9
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10 > &L GAAR R 53501 R [ ARt 1 A 85 Il ik
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Fig. 6 Test results diagram
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HHp | Faster R-CNN 2 W5 By Bt B A A6 9 28 WL 3 | SSD
JEA YOLO F B[R] B Be F ARG A 28 L 503k Hode

¥ YOLO A MA IS & i B AER 31 & IR 5 Ak
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Table 4 Results of the comparative experiments

A mAP/%  P/%  R/%  BE/10° Flops/G

SSD 87.5 89.7  86.8 26.3 31.8
Faster R-CNN  94.6 95.3  92.8 134.7 181
YOLOv3-tiny ~ 91.5 93.1  90.2 8.69 12.9
YOLOv5n 92.4  95.8  89.0 1.77 4.2
YOLOvS5s 93.5 97.8  90.0 7.04 15.8
YOLOvSm  93.5 9.5  89.1 20. 89 48.0
YOLOv8n  92.2 97.6  93.0 3.01 8.2
YOLOv8s 96.3 9.5  96.0 11.14 28.7
YOLOv7-tiny ~ 95.5 98.1  91.8 6.04 13.3

Ours 97.6 9.5  95.3 6.63 13.9

YOLOv5n Fil YOLOv8n 98 2 % it Al H 5 i /N, fH
mAP FPRGHEJE R SRAE T YOLOV7-tiny 83 ; YOLOv3-tiny |
YOLOvS5s #l YOLOv8s S8 it YOLOv7-tiny kA2,
B HAS EEHEARALAE T YOLOV7-tiny 2535 SSD 1 YOLOvVSm
TESHR AT YOLOVT-tiny B3k BRTE T, 5454 B4
UFRRIES AL . YOLOV7-tiny JEE 7 SR B/ 1 HiT B
TR T4 R BUEAL A SO YOLOv7-tiny ek
Z A3 FIH CSW-YOLOVT-tiny , 763 EHEARL T-46 Kk 2%k
BRI RTEE T 7ERG B A DR 3Ae niH &

ZE LTIR A SCHE A B VA X YOLOv7-tiny 11 2 i
AL A B R0, PERE A T LA AG I B3k | $ v T 7
LA G TR 55 ORI M R
2.4 HHEIMENLIE

9T BGUE CSW-YOLOV7 -tiny B 7E L IHLAS A L1

(@) FIthAL ﬁ
(a) Initialization

(d) PRE
(d) Grasping
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PSS, P42 F 7 =225 ) H NI R RS
B RIAS SC3E$E T Intel Realsence D4351 AHAL, HLIEF
A URS, SEHEMUIT . & 5%, 1T Realsence AHHLZRHL
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g AR A 2% E S LR [ E PR
ARBREA AR AR R K I A AR LR 75 1551
FHALNS IS, BT A58 2k QA bR R S AL = 4EAe bR &
ZIERFR, il FIRAR e 1R BRI LAL bR 2R 5 U AR i
B OCR T ASEIHSEROE 22 ZEH UM B Ak br &
PN, SRIGTT LIS 3] — HE G AR R S 1 AR 2R 2 (]
HVFAROC R o AP RN AR UG R AT 7.8 P

B 7 AR

Fig.7 Diagram of coordinate transformation

(b) H #3A 3
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Fig. 8 Diagram of the grasping process of the robotic arm
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