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Target detection of vibration damper movement
based on deep learning and visual semantic relations
AN Jinpeng, WANG Xiaochun
(Xinjiang Information Industry Co., Ltd., Urumgqi 830011, China)

[ Abstract] In order to accurately locate the abnormal sliding of the vibration damper to ensure the safe operation of the
transmission line, visual inspection method is usually used to identify the abnormal sliding of the vibration damper and the related
components during the inspection process of the transmission line. However, the target detection algorithm has poor accuracy in the
detection of vibration damper slip anomalies in the experiment and cannot meet the actual detection needs. Therefore, in this paper,
a vibration damper slip target detection method based on deep learning and visual semantic relationship is proposed. This method
judges the visual semantic relationship between the detected targets according to the spatial context information. It combines the
Cascade R—CNN target detection algorithm and uses the corresponding discrimination rules and constraint algorithms developed to
realize the vibration damper slip anomaly discrimination. The experimental results show that compared with the conventional target
detection algorithm, the method proposed in this paper is more effective for the abnormal target recognition of vibration damper
slippage, and has higher theoretical value and broad application prospects in the inspection of transmission lines.
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Fig. 1 Comparison between the basic convolutional module and the
Res2Net module
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Fig. 2 Target detection network structure diagram
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Fig. 3 The position and attitude of the vibration damper
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Fig. 4 Detection results of vibration damper sliding target

x2 EEBEMNAER
Tab. 2 Results of different algorithms

By PR AR % HE YR AP

Cascade R—CNN %4 0.631  0.561  0.584
HET I XA BRI 0874 0.730  0.789

VE BUE SRS L 68 | PR BE ey L LGB,

3 SRiE

X JE AL L 2 5 1R il T 8 S %o 2 i SR
B 3 AR SO A TR 2 > A6 6 22 B beasil | 42
BT —FPEE T Cascade R—CNN BB S MwiE X



188 B o /5 M5 MM

12 %

KR T B PR e o S G T 02 I 405 % fii Pl 2k
B IRl TR RS S EAT F B RONE 6, A EIR
SRR, B4 vk ST B e v R S ARSI L
S E e AN | D

(1) A SR M R P 4 8% v o7 I R B8 HL AR 1Y)
RN 5 2% , A 23 8] B SCAR 2., T B B [
RO e L FR |, I BEA Cascade R—CNN H fn A il
S R AR ST B IR AR RS SR R,
LSS EE R AR SO 1 5k 5 0 R H AR A
FAH LUAE B DRI ST T 38.4% , fHEf B 12 T
T 30.3% , F-HIUERGEE N 78.9% , RENS A S HAG I
3 RIS S H H AR .

(2) XL 28 AT T A 37 5 DR 5 43
BT, TV SRAsE R R A% IO X 2 R R85 A8 Ak, Wl 2 TG AL
A SEPR TR R, HAA IR Rz fkRE )y .

(3) AR SCHR L REAE S e W 0 iy bt 288 3% v By i A
TR T 5| B AL B Ba AR 50 i F 2R BB B 320
155, 7 355 i3l 5 1 iy et 2 o 197 I A i 8 32 i ) 26
% T L, ELAG ¢ v P B 0 (IR S o g FH 5%

(1] 4%, E4E, XIE. JETF I Haar F71F 5 98¢ AdaBoost 5.3%
B R ERRSI (1], RGN E L, 2012, 24(09) : 1806-1809.

[2] LIU Yanmei, WEN Shihua, CHEN Zhen, et al. Research of the
Anti—vibration Hammer Resetting Robot Based on Machine Vision
[Cl /%5 32 Ja b EEHR S il S0 (53 i
#%,2020:627-631.

(3] HERI. FETUREES 2T M AN R B SRR IT [ T]. 5l
BT 525, 2019(20) :70-71.

[4] CAI Zhaowen, VASCONCELOS N. Cascade R—CNN; Delving
into high quality object detection [ C ]// 2018 IEEE/CVF

Conference on Computer Vision and Pattern Recognition (CVPR).

Salt Lake City: IEEE, 2018.1-9.

[5] AHMED M N, TOOR A S. Detection of objects in images using
region—based convolutional neural networks: USA, 9,996, 772
[P].2018-06-12.

[6] HE K, ZHANG X, REN S, et al. Deep residual learning for image
recognition[ C]// 2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Las Vegas: IEEE, 2016.770-778.

[7] XIE Saining, GIRSHICK R, DOLLAR P, et al. Aggregated
residual transformations for deep neural networks[ C]//2017 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR).
Honolulu, HI, USA:IEEE, 2017:5987-5995.

[8] CHEN C F, FAN Q, MALLINAR N, et al. Big-little net: An
efficient multi —scale feature representation for visual and speech
recognition[ J]. arXiv preprint arXiv;1807.03848, 2018.

[9] CHEN Yunpeng, FAN Haoqi, XU Bing, et al. Drop an octave:
Reducing spatial redundancy in convolutional neural networks with
octave convolution [ C ]//Proceedings of the IEEE/CVF
International Conference on Computer Vision. Seoul, Korea
(South) ;IEEE,2019; 3435-3444.

[10]CHENG B, XIAO R, WANG J, et al. High frequency residual
learning for multi —scale image classification [ J]. arXiv preprint
arXiv:1905.02649, 2019.

[11]FFR¥e. PRI BISET I e [ D). s UL TR,
2009.

[12]LIM B, SON S, KIM H, et al. Enhanced deep residual networks
for single image super—resolution[ J]. arXiv preprint arXiv:1707.
02921,2017.

[13]3KkiERk, 220, PRI SRR B 5 2 Tl PR 2 AR 4 A s SR AR [ 1]
BHFF,2009,8(12) :179-180.

[14]KETKAR N, MOOLAYIL J. Introduction to pytorch[ M ]//Deep
learning with python. Berkeley, CA;Apress, 2017 195-208.
[15] VICENTE S, CARREIRA J, AGAPITO L, et al. Reconstructing
PASCAL VOC/ C]//2014 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Columbus, OH, USA:IEEE,

2014.41-48.

[16] LONG Xitian, ZHENG Zhe, LIU Rui, et al. Cascaded feature
enhancement network model for real —time video monitoring of
power system|[ J|. Energy Reports, 2021,7:8485-8492.

(35 182 TT)

[10]LYU C, HUO Zigiang, CHENG Xin, et al. Distributed optical
fiber sensing intrusion pattern recognition based on GAF and CNN
[J]. Journal of Lightwave Technology, 2020, 38(15): 4174
4182.

(1] Rp2 L0, EPRAR, 45, BT s A 515 5 A ROEL o0 A6
HERAFSRBI[T]. SLF243R,2021,50(11) :123-130.

[12] 2545, M A bk, 2T Matlab 19 /1N 3 8 47 3 2% M 505 0 ¢
[J]. %5 R ,2009,22(06) :4-6.

(13 ] B, X, i . T {4 A XL R ity A 00 580725 B 1
HELT]. BEIFIE 2 R ( A ARIERR) ,2021,54(02) :58-62.

[ 14184 R ZEAE. 2545 FEMER 53 H1 70 ResNet18 147 6 25 347 S 1 5
[7]. % BSEf5,2020(06) :7-8.

[15]WANG Yanping, GONG Dianjun, PANG Liping, et al. RVFL-
based optical fiber intrusion signal recognition with multi —level
wavelet decomposition as feature[ J]. Photonic Sensors, 2018, 8
(3):234-241.



