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A method for super resolution processing of bolt
image based on feature transfer

QI Yinchengl’2, GENG Shaofengl, ZHAO Zhenbingl’z, LYU Xuechun', SUN Mengl

(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China)

Abstract: Aiming at the problems of blurring and low resolution of bolt images collected during inspection of transmis-
sion lines, a super-resolution processing method of bolt images based on feature migration is proposed according to the
characteristics of high similarity between bolts. In this paper, feature transfer is introduced into bolt image super resolu-
tion for the first time. First, compare feature regions of the low-resolution image and the clear reference image, then
carry out feature transfer of the regions with high similarity between the images, and then adjust the proportion of trans-
fer features according to similarity of the transferred features. Then, the constraint of similarity of the transfer features is
added to the perceptual loss function to ensure accuracy of the transfer features. The results of the bolt image over-seg-
mentation experiments with different over-segmentation models show that the bolt over-segmentation images of this
method are clearer, and the PSNR and SSIM indicators are better; The defect recognition accuracy rate of the bolt in-
creased by 3.61% after ove-segmentation. The experimental results fully verify effectiveness of this method in solving
the problem of blurred bolt images.

Keywords: bolt; image super resolution; deep learning; feature transfer; transmission line; defect recognition; neural

network; ntelligent patrol
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Fig.2 Feature transfer image super resolution structure diagram
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Fig. 4 Super resolution results of bolt images in different super resolution models
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Table 2 Ablation experiment
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INARET R AU BRI 2641 0.781

LI R T AN [R5 % pR BT A B A A 5

RE5 R, JnlE 5 frs, 1K 5(a) b LR JRK, [ 5(b)~(e)
ST AN [ O R R A 25 SR L T S(b) K
BT Liee, B 5(c) &G T Liee T Lagy, K 5(d)
5(e) A SCAE F i 2k R R

BT Lyee M Ly, &1

(d) fHH L, 'ﬁL ) (e)ﬁﬁﬁzl-‘j(?mﬂi
G PRI R 45

BS5 AREBKXEHMBRESEBGER

Fig.5 Super resolution images of bolts with different loss
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Table 3 The accuracy of bolt defect classification in differ-
ent test sets for different training set images %

WA G R R
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LRJFE SRIE%
LRJFK 93.28 92.81
RALRSSRER 93.85 95.25
SRIA% 95.94 96.89
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Table 4 Accuracy of bolt defect classification in

different models %
A PR R
SYAEERL YIZAEENR
LRJ5 A SR
LRJF & 90.36 90.53
Resnet30 SREI& 91.23 92.42
LRI 90.68 90.72
Resnetl01 SRIE4 90.86 92.51
LRI 88.57 89.12
vaals SRE& 88.96 89.34
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Table 5 Accuracy of bolt defect classification after super
resolution of different super resolution models %

s S R RS 2 MR %
AT I 53 A5 93.28
RDN 94.57
SRNTT 93.17
TTSR 95.23
ATy 96.89
3 HHRIE

AR SCHE YR FRAE AL 78 51 A SR A% BRE 2
B X DU i P 2 B R A P AT A 0 AR AR, AR



SRR, 25« JE T RRIE AT RS 1) B34 P60k 20 B R A BT

* 865 -

AT B TR) AL, R A R R 2 8] A7 AR AR AR AR A
A BRI T — R TR IR I A Y IR A (R 0
FRI7 kL, PR AE AT A% i Ak A DL AR JRE R AT 5T IE,
53R AF A A A ) G SRR AR, SRS AR5 K ek B R N
VNS K KN G SSE PR VIR (VR FHE P S
PRECH AT R UAREAE 1 200, 7 £ 3 B &
FI 515 B SR IR 110 ] A 2 T S8R R o R
S I R R AR SCER 8 T kT LA R T EIHR
I3 PR, N T F 2k R A B 0 S v R A
PR S0 RO, FRATDRE ik — 28 L Al W 45 1L 7
I HLAFFETE PGS AL T B8 I AN o] A7 1 6018 44 8 iy
Sk o AT IE RS, SN R SR A B R o Bt
AL HE

S % k-

(1] R, MR zg, skT, 4. 5G (5 5278 1k My

G B HT SR TE R [1]. LR, 2019, 43(5):
1575-1585.
WANG Yi, CHEN Qixin, ZHANG Ning, et al. Fusion of
the 5G communication and the ubiquitous electric inter-
net of things: application analysis and research prospects[J].
Power system technology, 2019, 43(5): 1575-1585.

(2] ATHE, sH, ZER. B AE BE AR TE B ALK

gy EL R B R B S P 204 (D], LRI ECR, 2010, 34(12):
204-208.
TONG Weiguo, YUAN lJinsha, LI Baoshu. Application of
image processing in patrol inspection of overhead trans-
mission line by helicopter[J]. Power system technology,
2010, 34(12): 204-208.

(3] BREE, Bichh, fLoess, 5. SET TR M4 Rk

BRI AL 5 N [J]. LR, 2021, 45(1):
98-106.
ZHAO Zhenbing, DUAN Jikun, KONG Yinghui, et al.
Construction and application of bolt and nut pair know-
ledge graph based on GGNN[J]. Power system techno-
logy, 2021, 45(1): 98-106.

(4] BRET, SEAE, BRI, 55, SR T Sl I IR R Y

K P R B MR AR B PR 026 (0], LR R, 2021,
47(2): 406-414.
ZHAO Zhenbing, JIN Chaoxiong, QI Yincheng, et al. Im-
age classification of transmission line bolt defects based
on dynamic supervision knowledge distillation[J]. High
voltage engineering, 2021, 47(2): 406-414.

[5] DONG Weisheng, ZHANG Lei, LUKAC R, et al. Sparse
representation based image interpolation with nonlocal
autoregressive modeling[J]. IEEE transactions on image

processing:a publication of the IEEE signal processing so-

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

ciety, 2013, 22(4): 1382-1394.

WANG Lingfeng, WU Huaiyu, PAN Chunhong. Fast im-
age upsampling via the displacement field[J]. IEEE trans-
actions on image processing, 2014, 23(12): 5123-5135.
ZHANG Yunfeng, FAN Qinglan, BAO Fangxun, et al.
Single-image super-resolution based on rational fractal in-
terpolation[J]. IEEE transactions on image processing:a
publication of the IEEE signal processing society, 2018,
27(8): 3782-3797.

B, B EE, SN, 5. TR s SR
4 AR P R B T (D], B RE R SRR, 2017,
63(1): 8-14.

ZHAO Zhihui, ZHAO Ruizhen, CEN Yigang. Rapid su-
per-resolution image reconstruction based on sparse rep-
resentation and linear regression[J]. CAAI transactions on
intelligent systems, 2017, 63(1): 8—14.

RASTI P, DEMIREL H, ANBARJAFARI G. Improved
iterative back projection for video super-resolution[C]//
2014 22nd Signal Processing and Communications Ap-
plications Conference. Piscataway: IEEE, 2014: 552—555.
DONG Weisheng, ZHANG Lei, SHI Guangming, et al.
Nonlocally centralized sparse representation for image
restoration[J]. IEEE transactions on image processing,
2013, 22(4): 1620-1630.

YANOVSKY I, LAMBRIGTSEN B H, TANNER A B, et
al. Efficient deconvolution and super-resolution methods
in microwave imagery[J]. IEEE journal of selected topics
in applied earth observations and remote sensing, 2015,
8(9): 4273-4283.

ZHAO Ningning, WEI Qi, BASARAB A, et al. Fast
single image super-resolution using a new analytical solu-
tion for problems[J]. IEEE transactions on image pro-
cessing, 2016, 25(8): 3683-3697.

DONG Chao, LOY C C, HE Kaiming, et al. Image super-
resolution using deep convolutional networks[J]. IEEE
transactions on pattern analysis and machine intelligence,
2016, 38(2): 295-307.

KIM J, LEE J K, LEE K M. Accurate image super-resolu-
tion using very deep convolutional networks[C]//2016
IEEE Conference on Computer Vision and Pattern Recog-
nition. Piscataway: IEEE, 2016: 1646—1654.

LIM B, SON S, KIM H, et al. Enhanced deep residual
networks for single image super-resolution[C]//2017
IEEE Conference on Computer Vision and Pattern Recog-
nition Workshops. Piscataway: IEEE, 2017: 1132—1140.
ZHANG Yulun, TIAN Yapeng, KONG Yu, et al. Resid-
ual dense network for image super-resolution[C]//2018

IEEE/CVF Conference on Computer Vision and Pattern


http://dx.doi.org/10.13335/j.1000-3673.pst.2020.0063
http://dx.doi.org/10.13335/j.1000-3673.pst.2020.0063
http://dx.doi.org/10.13335/j.1000-3673.pst.2020.0063
http://dx.doi.org/10.13335/j.1000-3673.pst.2020.0063
http://dx.doi.org/10.13336/j.1003-6520.hve.20200834
http://dx.doi.org/10.13336/j.1003-6520.hve.20200834
http://dx.doi.org/10.13336/j.1003-6520.hve.20200834
http://dx.doi.org/10.1109/TIP.2012.2231086
http://dx.doi.org/10.1109/TIP.2012.2231086
http://dx.doi.org/10.1109/TIP.2012.2231086
http://dx.doi.org/10.1109/TIP.2012.2231086
http://dx.doi.org/10.1109/TIP.2014.2360459
http://dx.doi.org/10.1109/TIP.2014.2360459
http://dx.doi.org/10.1109/TIP.2014.2360459
http://dx.doi.org/10.1109/TIP.2018.2826139
http://dx.doi.org/10.1109/TIP.2018.2826139
http://dx.doi.org/10.1109/TIP.2012.2235847
http://dx.doi.org/10.1109/JSTARS.2015.2424451
http://dx.doi.org/10.1109/JSTARS.2015.2424451
http://dx.doi.org/10.1109/TIP.2016.2567075
http://dx.doi.org/10.1109/TIP.2016.2567075
http://dx.doi.org/10.1109/TIP.2016.2567075
http://dx.doi.org/10.1109/TPAMI.2015.2439281
http://dx.doi.org/10.1109/TPAMI.2015.2439281

- 866 BOfiE R & ¥ i 518 &
Recognition. Piscataway: IEEE, 2018: 2472—-2481. 2020 IEEE/CVF Conference on Computer Vision and
[17] GUO Yong, CHEN Jian, WANG Jingdong, et al. Closed- Pattern Recognition. Piscataway: IEEE, 2020: 5790—
loop matters: dual regression networks for single image 5799,
super-resolution[C]//2020 IEEE/CVF Conference on [24] GULRAJANII. AHMED F, ARJOVSKY M. et al. Im-
Computer Vision and Pattern Recognition. Piscataway: proved training of Wasserstein GANs[C]//Proceedings of
IEEE, 2020: 5406—5415. . .
the 31st International Conference on Neural Information
[18] FREEMAN W T, JONES T R, PASZTOR E C. Example-
. . Processing Systems. New York: ACM, 2017: 5769-5779.
based super-resolution[J]. IEEE computer graphics and
applications, 2002, 22(2): 56-65. EE =
[19] YUE Huanjing, SUN Xiaoyan, YANG Jingyu, et al. BRI, #oPz, BRI RN
Landmark image super-resolution by retrieving web im- ES Lﬁ{%'ﬁfﬁ%{i‘fio RIEZ A
ages[J]. IEEE transactions on image processing, 2013 PARLEIE S IR AR AR AL HEE [
' ' ’ REB B H A 10 KT, Kk RFA
22(12): 4865-4878. I3 80 A0
[20] ZHENG Haitian, JI Mengqi, WANG Haoqian, et al.
CrossNet: an end-to-end reference-based super resolution
network using cross-scale warping[EB/OL]. (2018-01- KA B . SR
. i R T R e e e Ul
27)[2022-01-05]. https://arxiv.org/abs/1807.10547. . .
2022-01-03]. hitps:/jarxiy.org/abs 0 H4 1 PRSP T
[21] YUE Huanjing, LIU Jianjun, YANG Jingyu, et al. [ENet:
internal and external patch matching ConvNet for web
image guided denoising[J]. IEEE transactions on circuits
and systems for video technology, 2020, 30(11): 3928—
3942.
[22] ZHANG Zhifei, WANG Zhaowen, LIN Zhe, et al. Image PRI, B, WA, S
2By Ze &b 253 YAy
super-resolution by neural texture transfer[C]//2019 H“/’ﬁj’%éé’] Hgﬁﬁjﬂ; [ﬁjﬁ;\;;f?jj;qj
ORI FAE, FEHFFETT 1 L
IEEE/CVF Conference on Computer Vision and Pattern . R Ll
P K. RS ERRIE M40 45
Recognition. Piscataway: IEEE, 2020: 7974—7983. TiH 10 450, 34 BHE A
[23] YANG Fuzhi, YANG Huan, FU Jianlong, et al. Learning 2 I, FEAU R WL F) 16 W, KFEHAL

texture transformer network for image super-resolution[C]//

3C 50 A%, AL 2 #.


http://dx.doi.org/10.1109/38.988747
http://dx.doi.org/10.1109/38.988747
http://dx.doi.org/10.1109/TIP.2013.2279315
https://arxiv.org/abs/1807.10547
http://dx.doi.org/10.1109/TCSVT.2019.2930305
http://dx.doi.org/10.1109/TCSVT.2019.2930305

