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Few-shot Insulator Defect Detection Based on Local and Global Feature Representation
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2 Engineering Research Center of Intelligent Computing for Complex Energy Systems, Ministry of Education,Baoding, Hebei 071003, China

Abstract In order to solve the problem that the small number of insulator defect samples and small defect targets lead to the cur-
rent low accuracy of insulator defect detection, this paper proposes a few-shot object detection model (C-TFSIDD) combining
CNN and Transformer.which fuses local and global features of images to realize insulator defect detection more effectively. First-
ly,Next-ViT, which integrates the local detail capture capability of CNN and the global information integration capability of
Transformer,is used as the feature extraction module to accurately capture local and global feature information of insulator ima-
ges. Secondly, the improved path aggregation feature pyramid network(PAFPN) is used for bidirectional multi-scale feature fu-
sion to enhance the underlying feature representation and improve the detection effect of small targets. Finally,a metric-based dis-
criminative loss is proposed to optimize the classifier in the fine-tuning stage to learn more discriminative feature representations
to increase the separability between classes and reduce the effect of intra-class variations. Trained and evaluated on two public in-
sulator defect datasets, the experimental results show that C-TFSIDD improves the detection results with samples of 5shot,
10shot,and 20shot by 28. 7% ,35.5%,and 47. 7% , respectively, compared to the baseline model TFA.and compared with the
few-shot object detection model FSCE, the proposed method improved by 21. 8% ,26. 7% ,and 21. 1% , respectively. The results
show that C-TFSIDD can effectively improve the defect detection accuracy of few-shot insulator samples.
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Table 1  Statistical information of the base class dataset

4 B2

Class Number of instances
aeroplane 1285
bicycle 1208
boat 1397
bottle 2116
car 4008
cat 1616
chair 4338
diningtable 1057
dog 2079
horse 1156
person 15576
pottedplant 1724
sheep 1347

train 984

tvmonitor 1193
insulator 1073
total 42157

4.1.2 HEHRELE

H4 CPLID R 42 i 14 55 B 12 150 R0 28 T 4 2% 1 5 B 25040 46
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Table 2 Insulator defect dataset information

Class Number of instances
defect (4% &) 248
damaged (8 47) 383
flashover (|4 4 ) 862
total 1538
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(b) i
Bl 4 42 F Bl A B R

Fig. 4 Insulator defect sample images
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Table 3 Experimental hardware and environment

B E 4
BUERAS Ubuntu 18, 04
GPU Nvidia GeForce CTX 2080Ti & -k (11 GB)
S BROE R A Python3. 8,PyTorchl. 8,Cudal0. 2

5B AE 42 MMDetection2. 26. 0

FRAE P B ) 4% B B (i ] ImageNet 038 8 1 A9 W1 Y1 2k
Next-ViT $E# £ X 95 By B I 25 b B30 48 R RS RN
(7] f ) B0, S YN RIS K B R B Sl 640X 640 18 F  f0UH Il 25
IF B 18 TR S 1333 X800 18R . HAKIIAS ik &Ik
4 s,

F4 %S HE
Table 4 Training parameter settings

% # HE

Y% F 3] FAD 0.0001

B # 3] & ) 1X107°

FHMRE 0.0001

1 8 AdamW
9 4 & A /D (Batch Size) 8
8 4 & K /N (Batch Size) 2
# 91 % epoch 12

%P Tter 15000

YN B K655 8 RS 11 4 epoch 2% 2] FF 0. 1 i
T1 2 20 S0 TR s (e TR B B K R 4 BT B B S U o,
B S 5 EANYNZRIT AL G A8 28 0 28 AL, 43 253k 1y
AN Kh 16 Bal 19,38 13 15000 ¥ 3% A0 13 I8 3L Y1 25 )5 i
T2 00 A T I BB o A R KM T (NMS) A9 & A BB A ToU
89 {8 4351 % & K 0. 05 1 0. 5,
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Table 5 Detection results comparison of different models on

insulator defect dataset

%)

Shot Method Backbone bAP50 nAP50 mAP
FSCEL30] ResNetl01 57,2 16. 8 50. 8
FsDetView-31] ResNetl01  31.2 22.5 29.8

, Meta-RCNNE3Z) ResNet101  37.1  20.5  34.5
’ MSPRE3] ResNetl0l — 31.6 9.5 28.1
TEAL10] ResNetl0l 49,2 9.9 43.0
C-TFSIDD(Ours)  Next-ViT ~ 46.9  38.6  45.6
FSCEL30] ResNet101 60,3 25.6 54,8
FsDetView-31] ResNetl01 — 41.5 26.5 39.1

1 Meta-RCNN321  ResNet101 42,9 27.3 39.9
MSPRE33] ResNet101 36,6 22.3 34,4

TFAL10] ResNetl0l  63.0 16.8 55.7
C-TFSIDD(Ours)  Next-ViT  64.3  52.3 62.4
FSCEL30] ResNet101 59,3 45,4 57.1

FsDetView 31] ResNetl0l  46.7 35.1 44.8

20 Meta-RCNNE32] ResNet101 44,7 36.1 43.4
MSPRE33] ResNet101 40,4 32.4 39.2

TEAL10] ResNetl01  68.1 18.8 60.3
C-TFSIDD(Ours)  Next-ViT  68.4  66.5 68.1
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Fig. 6 Visualization results
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Table 6 Comparison of AP with different methods on three types

of insulator defects

%)
Shot Method Novel class
defect damaged flashover
FSCEL0] 32.5 9.6 8.0
FsDetView 3! 40. 2 11.4 13.3
. Meta-RCNNL#2] 43.3 9.1 9.1
’ MSPRL#] 18.7 4.5 5.2
TFAM0] 11.5 9.1 9.1
C-TFSIDD(Ours) 90. 1 12.2 13.8
FSCEL0] 51.7 12.4 12.5
FsDetView 3! 59. 2 15.7 13.9
1 Meta-RCNNE32J 58.6 12.1 11.1
MSPRE33) 16.3 10.0 9.9
TFAM0] 30.2 9.8 10.2
C-TFSIDD(Ours) 97.1 30.2 29.5
FSCEL0] 85.5 24. 2 26.0
FsDetView 3! 75.3 14.8 15.1
90 Meta-RCNNE32J 72.7 21.5 14.0
MSPRE33) 64.5 18.5 14.3
TFAL0] 29.8 10.7 15.7
C-TFSIDD(Ours) 98. 6 48.2 52.6

4.4.2 B—FF T BT HBEN S H

2 BB UG SO0 4 G F B BE 952 0 X 1D 5040 4R i
T 453 R DR 285 Bt o i HRE PR 5 T8 st R0 0 S AR A T Lkl 3 2.
B 7 Fros . o i i 5 LA & NP H AR SO £

T Ao AT SR O ARG ) S 6 6 AT BRASE R T 2% A 37 5 3

Bl 7 TR SR 4 2 7 B R

Fig. 7 Insulator defect images in different backgrounds
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Table 7 Insulator defects AP and nAP in single background

%
o Novel class
HE ot Method ove Tass
%5 defect  damaged flashover nAP
FSCEL0] — 33.3 29.9 31.6
FsDetView 1] — 26. 2 25.8 26.0
Meta-RCNNE32] — 23.5 22.7 23.1
w10 e
MSPRE33) — 27.0 19.3 23.2
TEAL10] — 17.4 22.1 19.6
C-TFSIDD(Ours) - 50.1 52.1  51.1
FSCEL0] — 26.0 21.2 21.4
FsDetView[31] — 22.0 9.1 15. 6
Meta-RCNNE32] — 25.5 9.1 17.3
RH 10
MSPRE33) — 16.2 11.7 14.0
TEFAL10] — 10.5 17.1 13.8
C-TFSIDD(Ours) - 48.3 52.6  50.5
FSCEL0] 79.7 10.5 11.7 34.0
FsDetView!31] 31.1 11.0 9.1 17.0
. Meta-RCNNE32] 66.6 6.1 9.1 27.2
i 10
MSPRE33) 27.9 9.5 9.8 15.7
TEFAL10] 24.2 10.2 11.6 15.3
C-TFSIDD(Ours)  90.9 22.2 352 49.4
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Fig. 8 Accuracy of fine-tuning models in different backgrounds
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Table 8 Comparison of ablation experimental results on insulator defect dataset
%
AP50 mAP P
Method nae aram FLOPs Image-size
5 shot 10 shot 5 shot 10 shot

Base(ResNet101) 9.9 16.8 43.0 55.7 60.4>X105  291.6x106 1333X800
Base(NextViT) 36.1 45.7 51.4 60.5 47.8X 105  247.7x10° 1333X800
Base(NextViT) + % # PAFPN 37.4 46. 8 42.1 60.9 51.4X105  268.1x108 1333X800

Base(NextViT) + % # PAFPN+DL 37.5 50.8 49.3 61.5 - -

Base(NextViT) + % # PAFPN+ DL+ Focal Loss 38.6 52.3 45.6 62.4 — —
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Fig. 9

Visualization of feature map
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Table 9 Ablation experiments with combined loss functions

[€79)
Classification Loss Regression Loss nAP50
oSS Balanced
Cross Focal L1Loss alance 10 shot
Entropy DL L1Loss
Loss
Loss
Ni J 46.8
N, N N 50.8
v N N 50. 4
J J J 52.3
</ </ N 51.7

A2 55 T i 52 0 25 S 7% G TR e 1)
T S ES S PN N Y i
T 45 4T BB R

BRE BT A P 1 PR 2 LTS
5 R /I B0 5 B 0K I 7 0 A 4 o8 —
P L 0/ A LB BB 5 . 5
R AN 4 R R AE 55 9 N VT B8 1 0 48 8 14y
A R 55 10 S 0 B 55 51 B 5 3
Pk PAFPN 0517 2 FRHE R G 6 B 41 3 3
AT 05 0 2% A0 08 0 82 R A 20 2 2
A7 WREA T IR A B 05 B LB 00 1 B R L LS o T4
G TR Bt LR K0 25 B R Y T — o
FE A SCHUR U 5 .o S0 P T 8 B A 24 T

5 6 G 0 A L G T AL S A ¢ B e AR e ARG I 28R . EL
WAFTEA L X PS50 7R o 76 £ T3 28 208 2 1 (ol I s 0 HS 3
B L A P S A RS WA T e, RRBTRERET
TE 7 188 A58 2P 8 TR B4 BT 4R T RN AR A A % 1 R B A ) TR)
RO 56 B T 2 A T 28R B Tl s R 288 0 A 0

£ % X

[1] LIU C Y.WU Y Q.Research Progress of Vision Detection
Methods Based on Deep Learning for Transmission Lines[ ] ].
Proceedings of the CSEE,2023,43(19) :7423-7446.

[2] ZHAO Z B,JIANG Z G,LI Y X, et al. Overview of visual defect
detection of transmission line components[J]. Journal of Image
and Graphics,2021,26(11) :2545-2560.

[3] LIU Y.HUANG X. Efficient Cross-Modality Insulator Aug-
mentation for Multi-Domain Insulator Defect Detection in UAV
Images[ J]. Sensors,2024,24(2) :428.

[4] MA B.FU Y K,WANG C P,et al. High Performance Insulators
Location Scheme Based on YOLOv4 with GDloU Loss Function
[JJ. Computer Science,2022,49(S1) :412-417.

[5] REDMON J,DIVVALA S,GIRSHICK R, et al. You only look
once: Unified, real-time object detection[ C]J// Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2016:779-788.

[6] ZHAO W Q.CHENG X F,ZHAO Z B, et al. Insulator recogni-
tion based on attention mechanism and Faster RCNN[]J]. CAAI
Transactions on Intelligent Systems,2020,15(1):92-98.

[7] REN S,HE K,GIRSHICK R,et al. Faster R-CNN; Towards re-
al-time object detection with region proposal networks[C] //
Proceedings of the 29th International Conference on Neural In-
formation Processing Systems. Cambridge. MA: MIT, 2015: 91-
99.

[8] LIU]J H,ZHAO Z,FU J R.et al. Active small sample learning
based the pipe weld defect detection method[]]. Chinese Journal
of Scientific Instrument,2022,43(11):252-261.

[9] ZHAO Z F,HUANG J H,LUO H J,et al. Simulation Research
on Ultrasonic Total Focus Method Detection of Internal Defects
of Composite Insulators[]]. Piezoelectrics and Acoustooptics,
2024,46(1) :136-142.

[10] WANG X,HUANGTE.DARRELLT,etal. Frustratingly simple
few-shot object detection[]]. arXiv:2003. 06957,2020.

[11] LIJ,XIA X,LI W,et al. Next-vit: Next generation vision trans-
former for efficient deployment in realistic industrial scenarios
[J7J. arXiv:2207. 05501,2022.

[12] LIU S, QI L, QIN H, et al. Path aggregation network for in-
stance segmentation[ C] // Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. 2018:8759-8768.

[13] ZHANG T,ZHANG X,ZHU P,et al. Generalized few-shot ob-
ject detection in remote sensing images[ J]. ISPRS Journal of
Photogrammetry and Remote Sensing,2023,195:353-364.

[147 KOHLER M, EISENBACH M, GROSS H M. Few-shot object
detection: A comprehensive survey [ J ]. arXiv: 2112. 11699,
2021.

[15] SHI'Y D, WANG H M,]JING C,et al. A Few-Shot Defect De-



296

Computer Science THEHLEIZ  Vol. 52.No. 6,June 2025

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

tection Method for Transmission Lines Based on Meta-Attention
and Feature Reconstruction[]J]. Applied Sciences,2023,13(10) ;
5896.

ZHAT Y J,YANG K, WANG Q M,et al. Disc Insulator Defect
Detection Based on Mixed Sample Transfer Learning[J]. Pro-
ceedings of the CSEE,2023,43(7):2867-2877.

CUI K B,PAN F. A CycleGAN small sample library amplifica-
tion method for faulty insulator detection[ ]J]. Computer Engi-
neering & Science,2022,44(3) :509-515.

KARLINSKY L,SHTOK J,HARARY S,et al. Repmet: Repre-
sentative-based metric learning for classification and few-shot
object detection[ C] // Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 2019:5197-5206.

EVERINGHAM M, VAN GOOL L,WILLIAMS C K I,et al.
The pascal visual object classes (VOC) challenge[ J]. Interna-
tional Journal of Computer Vision,2010,88:303-338.

LIU K P,LI B Q.QIN L,et al. Review of Application Research
of Deep Learning Object Detection Algorithms in Insulator De-
fect Detection of Overhead Transmission Lines[]]. High Vol-
tage Engineering,2023,49(9) :3584-3595.

ZHOU L J,MAO J N. Vision Transformer-based recognition
tasks:a critical review[ J]. Journal of Image and Graphics.2023,
28(10):2969-3003.

VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
all you need[ CJ // Proceedings of the 31st International Confe-
rence on Neural Information Processing Systems. Red Hook,
NY:Curran Associates Inc. ,2017:6000-6010.

X1 Y,ZHOU K,MENG L W,et al. Transmission Line Insulator
Defect Detection Based on Swin Transformer and Context[]].
Machine Intelligence Research,2023,20:729-740.

GUO J,LI T,DU B. Segmentation Head Networks with Har-
nessing Self-Attention and Transformer for Insulator Surface
Defect Detection[ J]. Applied Sciences,2023,13(16):9109.

DU Z W,ZHOU H,LI C Y,et al. Small Object Detection Based
on Deep Convolutional Neural Networks: A Review[ ] ]. Com-
puter Science,2022,49(12):205-218.

ZHAO Y,YANG L. Distance metric learning based on the class
center and nearest neighbor relationship[ J]. Neural Networks,
2023,164:631-644.

LIN T Y,GOYAL P,GIRSHICK R, et al. Focal loss for dense
object detection [ C] // Proceedings of the IEEE International
Conference on Computer Vision. 2017:2980-2988.

[28] RAIMUNDO A. Insulator data set-Chinese power line insulator
dataset(CPLID) [ DB/OL]. https://github. com/InsulatorData/
InsulatorDataSet.

[297] DENG J H.GUO W Q.,CHEN H J,et al. Few-shot diatom de-
tection combining multi-scale multi-head self-attention and on-
line hard example mining[ J]. Journal of Computer Applications.,
2022,42(8):2593-2600.

[30] SUN B,LI B,CAI S,et al. FSCE: Few-shot object detection via
contrastive proposal encoding [ C] // Proceedings of the 2021
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. Piscataway:IEEE,2021:7352-7362.

[31] XIAO Y.LEPETIT V,MARLET R. Few-shot object detection
and viewpoint estimation for objects in the wild [ J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2020,45(3):3090-3106.

[32] YAN X,CHEN Z,XU A,et al. Meta R-CNN: Towards general
solver for instance-level low-shot learning[ C] // Proceedings of
the IEEE/CVF International Conference on Computer Vision.
2019:9577-9586.

[33] WU J,LIU S,HUANG D, et al. Multi-scale positive sample re-
finement for few-shot object detection[ M] // Lecture Notes in
Computer Science. Cham: Springer,2020:456-472.

[34] PANG J,CHEN K.SHI J,et al. Libra R-CNN:Towards ba-
lanced learning for object detection[ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2019:821-830.

CUI Kebin, born in 1979, Ph.D, profes-
sor. His main research interests include
image processing, pattern recognition

and machine learning.

HU Zhenzhen, born in 2000, postgra-
duate. Her main research interests in-

clude object detection and few-shot

learning.

(O AT Gt B« ) 380D



