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Image amplification for temperature value image based on
cyclic cross-correlation coefficient CGAN

WANG Kaixuan'?, REN Fuji’, NI Hongjun', LYU Shuaishuai', WANG Xingxing'

(1. School of Mechanical Engineering, Nantong University, Nantong 226019, China; 2. Department of Intelligent Information Engin-
eering, Tokushima University, Tokushima 7708501, Japan)

Abstract: To solve the problems of small sample size and imbalance of infrared image for substation equipment, a tem-
perature image amplification method based on cyclic cross-correlation coefficient conditional generative adversarial net-
work (CGAN) is proposed. The cyclic cross-correlation coefficient is proposed according to the image similarity, which
improves the loss function of CGAN. Then the improved CGAN is used to amplify the original temperature image data
set, establishing a new data set containing 11 labels. Then, the traditional image amplification method, the original
CGAN and the improved CGAN are compared using the convolution neural network (CNN). The experiment demon-
strate that the proposed CGAN model has faster convergence speed and stable training process, and the generated im-
ages have clear contour and rich details. The objective evaluation index of the proposed method is the largest, and the re-

cognition accuracy of temperature value reaches 99.4%, which realizes the purpose of the image amplification.
Keywords: infrared image; image amplification; cyclic cross-correlation coefficient; conditional generative adversarial

network; convolution neural network; substation equipment; loss function; image processing; temperature recognition
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Table 3 Cyclic cross-correlation coefficients of 11 labels

FR%& - 0 1 2 3

4 5 6 7 8 9

- 0.951 0.295 0.245 0.541 0.128

0 0.295 0.914 0.470 0.376 0.313
1 0.245 0.470 0.962 0.284 0.263
2 0.541 0.376 0.284 0.945 0.235
3 0.128 0.313 0.263 0.235 0.936
4 0.128 0.313 0.263 0.235 0.678
5 0.606 0.310 0.259 0.406 0.092
6 0.662 0.284 0.231 0.420 0.028
7 0.323 0.473 0.385 0.522 0.254
8 0.655 0.232 0.199 0.509 0.001
9 0.674 0.286 0.237 0.562 0.052

0.083 0.606 0.662 0.323 0.655 0.674

0.425 0.310 0.284 0.473 0.232 0.286
0.325 0.259 0.231 0.385 0.199 0.237
0.157 0.406 0.420 0.522 0.509 0.562
0.111 0.092 0.028 0.254 0.001 0.052
0.922 0.092 0.028 0.254 0.001 0.052
0.109 0.947 0.735 0.369 0.607 0.560
0.104 0.735 0.935 0.284 0.699 0.571
0.334 0.369 0.284 0.947 0.277 0.335
0.049 0.607 0.699 0.277 0.951 0.698

0.068 0.560 0.571 0.335 0.698 0.904

F T W E e Y CGAN #5818 () A ik, A
SCHE R S A% S BUR T 88 Oy 2 FUR AR 9 CGAN
SRR H o A% 50 i UGS 14 07 2 B 45 B 15 e

B4Rk, B AR
% %) PSNR F1 SSIM 1H,
febr, 45 a2 4 B

oy 5 3 RO vk A LR
FHEN 11 PRS2 W

R4 AEBEGTETENEITFMNIER

Table 4 Objective evaluation index of different methods

B (CEWIRES JFRCGAN M CGAN
s PSNR SSIM PSNR SSIM PSNR SSIM
- 30.326 0.761 32.399 0.828 34.336 0.839
0 31.995 0.650 35.053 0.751 36.001 0.863
1 33.838 0.756 33.992 0.783 36.928 0.820
2 30.846 0.279 29.470 0.532 32.192 0.574
3 30.273 0.582 30.404 0.707 34.836 0.816
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Fig. 6 Recognition accuracy of different methods

it CGAN

1.0

0.9
ﬁo.s
£ | - o
LO071 e CGAN

0.6+ - Yt CGAN

0'510 20 30 40 50 60 70 80 90 100
LT IN%
B7 ARHBEEGIIDAEHE

Fig. 7 Recognition accuracy of different number of images

M 6 FTLUE , 5A&G ERY 1S J7 40
e, 3 F ot CGAN Y G5 3% 5 vk 18 ) R4 SR o
I, 11 FPbR 2 B AR 2R3 KR B2 7 AL T
JE G B CGAN BIRY, X F 25 5 15 51 4 1% ) 5 2%
“0” ., 37 67, = A, U HE R 430 R
87.12%. 87.22%. 94.41% Hi1 93.62%, ¥ 14 J5 )
T RS KU 4R e 0 B s i {100 %) A
R R R AR B FEAR R

NI 7 BT LR Y, Bl A R AR B0 R AN B
I, 3 RO vE B9 MR R 1S B A RGR T, 2
FEA KL IR B 2 200 5K AT, A SCH 72 B HE AT SR Gk
FT 99.4%, B ECHE 4 10 /N 23 52 ma 15 51 19 1
R, PR RS A EEE L,

5 & FRiE

A S %o AR FL 15 £ 21 ARG iR B RS A
P EEREA D | 43 A7 AN 2 45 %) o) AT, 29 B 308
EUGRFE G SE R L, $2 7 —Fh 3L 5905 28 B AH ¢
FE) CGAN IR A BG4 5k, ok v+ 5896
R AHOC 2R B R0 R R, B v A A A Y BT
T 2RI AR LA N 28 R N 2 N £ 2 TR B BT I
Sk, RS L A0 M5 B EE IR EE
ARSI VEAE BRI EGA R 1 800 VR s BT e sth ik 5]
AT, U SR R AR . SR G Tk MR LG
CGAN BLRUAH [t , A SCO7 6 A Bl B4 1) PSNR FlI
SSIM fH ¥k B e K, AREE ™ T 48 R A9 it
i, KGR BRIE T, 5 s A 2 (8] B R A A
RIE 5 >R FH CNN B X 34 J5 19 B0 42 1001 7 i B
P, A ST ¥ Y HERA i i, A 8] 99.4%. LA,
Bifi 5 A R AR AR B %) 184, AR SR 5310 (%) v
FAG A FARTE, XMEAR B R EY Y A
B, e TEGZ B VSR, R E 52 B
For I A 5 43 S

% Lk
(1] RIR, TR, B2, 25, A TR AEHEATE 0 B



¢ 30 .

FHUBE, 55« B TP LA SC R B CGAN il B {H R 9 4

LIl

(3]

(4]

(5]

(6]

(7]

[9]

A BRI R (], w5 RBOR, 2020, 46(2):
369-383.

PU Tianjiao, QIAO Ji, HAN Xiao, et al. Research and ap-
plication of artificial intelligence in operation and main-
tenance for power equipment[J]. High voltage engineer-
ing, 2020, 46(2): 369-383.

CHEN Junwen, LIU Zhigang, WANG Hongrui, et al.
Automatic defect detection of fasteners on the catenary
support device using deep convolutional neural
network[J]. IEEE transactions on instrumentation and
measurement, 2018, 67(2): 257-269.

FAHTC, ZEoE, B, & R TLAMNAMR A B A
P B R R 5k 25 I 282 TS [T]. e LR O,
2020, 46(9): 3000-3007.

WANG Youyuan, LI Houying, LIANG Xuanhong, et al.
Self-adjusting residual network diagnosis model for sub-
station equipment thermal defects based on infrared im-
age[J]. High voltage engineering, 2020, 46(9): 3000—
3007.

S, JE T A O BT I 2% B FL ) B2 LR e 7Y
B SEBATSE (D). HR: HFRHR %, 2020: 1-60.

HE Jiamei. Research on image expansion model and al-
gorithm of power equipment based on generative ad-
versarial network[D]. Chengdu: University of Electronic
Science and Technology of China, 2020: 1-60.

BOELH, M, FRIROR, 4. HL A LLAM R B A A
(7). FE 7, 2021, 54(2): 147-155.

HUANG Ruiyong, DAI Meisheng, ZHENG Yuebin, et al.
Defect detection of power equipment by infrared
image[J]. Electric power, 2021, 54(2): 147-155.

CAO Xinhua, LI Taihao, LI Hongli, et al. A robust para-
meter-free thresholding method for image segmenta-
tion[J]. IEEE access, 2018, 7: 3448-3458.

ERIGE, WA T A O R 2K i LA R I R B0
SrPEREA (1] BB R LA, 2020, 15(1): 74-83.

BI Xiaojun, PAN Mengdi. Super-resolution reconstruc-
tion of airborne remote sensing images based on the gen-
erative adversarial networks[J]. CAAI transactions on in-
telligent systems, 2020, 15(1): 74-83.

REN Fuji, LIU Wenjie, WU Guoqing. Feature reuse re-
sidual networks for insect pest recognition[J]. IEEE ac-
cess, 2019, 7: 122758-122768.

HUANG Zhong, REN Fuji. Facial expression recognition
based on multi-regional D-S evidences theory fusion[J].
IEEJ transactions on electrical and electronic engineering,

2017, 12(2): 251-261.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

YI Zili, CHEN Zhiqin, CAI Hao, et al. BSD-GAN:
branched generative adversarial network for scale-disen-
tangled representation learning and image synthesis[J].
IEEE transactions on image processing, 2020, 29:
9073-9083.

GOODFELLO 17J, POUGET ABADIE J, MIRZA M, et
al. Generative adversarial networks[J]. Communications
of the ACM. 2020, 63(11): 139-144.

HAN Wei, WANG Lizhe, FENG Ruyi, et al. Sample
generation based on a supervised wasserstein generative
adversarial network for high-resolution remote-sensing
scene classification[J]. Information sciences, 2020, 539:
177-194.

SONG Jingkuan, HE Tao, GAO Lianli, et al. Unified
binary generative adversarial network for image retriev-
al and compression[J]. International journal of computer
vision, 2020, 128(8): 2243-2264.

GUO Runyuan, LIU Han, XIE Guo, et al. Weld defect
detection from imbalanced radiographic images based on
contrast enhancement conditional generative adversarial
network and transfer learning[J]. IEEE sensors journal,
2021, 21(9): 10844—10853.

LI Jiaosheng, LI Yuhui, LI Ju, et al. Single exposure op-
tical image watermarking using a cGAN network[J].
IEEE photonics journal, 2021, 13(2): 6900111.

B, FEE, R, S BT AR A O R 2 Y ]
AR A T (0], AU B B S B 2224,
2020, 32(6): 911-918.

HUANG Yuan, BAI Cong, LI Hongkai, et al. Image
captioning based on conditional generative adversarial
Nets[J]. Journal of Computer-aided design & computer
graphics, 2020, 32(6): 911-918.

TR, TR T A TR I HLE A 2605 A 4t
W2 (7). THEAURIEE, 2021, 48(1): 241-246.

YU Wenjia, DING Shifei. Conditional generative ad-
versarial network based on self-attention mechanism[J].
Computer science, 2021, 48(1): 241-246.

BRI, RN, SRR, 55, A SO i g K ILAEEME
AP BRI SE LR [J]. SHALAAAR, 2021, 44(2):
347-369.

CHEN Foji, ZHU Feng, WU Qingxiao, et al. A survey
about image generation with generative adversarial
nets[J]. Chinese journal of computers, 2021, 44(2):
347-369.

KA, SKINE, 2255, 4. JE T 4R AR AR R Al
B RS FC A BRI (], IR # R, 2016,



178

[Ny

#

S S ¢ <40+

[20]

[21]

[22]

[23]

[24]

37(1): 170-176.

ZHU Qiguang, ZHANG Pengzhen, LI Haoli, et al. In-
vestigation on the image matching algorithm based on
global and local feature fusion[J]. Chinese journal of sci-
entific instrument, 2016, 37(1): 170-176.

TANG Fashuai, GAO Qi, DU Zongzhan. Algorithm of
object localization applied on high-voltage power trans-
mission lines based on line stereo matching[J]. Optical
engineering, 2021, 60(2): 023101.

BER, 5A . R TREREIRNGUE T S % KR
BN S (9], SHSEALNE L, 2020, 40(11): 3166
3171.

CAO Yudong, CAI Xibiao. No-reference image quality
assessment algorithm with enhanced adversarial learn-
ing[J]. Journal of computer applications, 2020, 40(11):
3166-3171.

J7 B, RS, BEAS, 2. ESF G BN F
FEEE (7], Th E B R B4R, 2021, 26(2): 265-286.
FANG Yuming, SUI Xiangjie, YAN Jiebin, et al. Pro-
gress in no-reference image quality assessment[J]. Journ-
al of image and graphics, 2021, 26(2): 265-286.

TARG, T8, YR, CGAN FEAA: il i3 R ER &
BB [1]. T EER ER AR, 2021, 26(3): 663-673.
WANG Yaoling, WANG Hongqi, XU Tao. Aircraft re-
cognition of remote sensing image based on sample gen-
erated by CGAN[J]. Journal of image and graphics,
2021, 26(3): 663-673.

A, X, B R%. —FRHIE T S WU i R BT
JrERTE (1] B AER G, 2018, 13(6): 989-993.
WANG Wei, LIU Hui, YANG Jun’an. Blind quality

evaluation with image features codebook mapping[J].

CAAI transactions on intelligent systems, 2018, 13(6):
989-993.

PBLEIBE, WEOGAR, TREFE, 5. TREE 2R 2% )/ IVEAS
23]k (], HHEEHLTAR S A, 2021, 57(7): 22-33.
ZHU Juntao, YAO Guangle, ZHANG Gexiang, et al.

[25]

Survey of few shot learning of deep neural network[J].
Computer engineering and applications, 2021, 57(7):
22-33.
&R
EYUIE, BB, EET
T Ay P, 335 SR A 0 T 2T P AR

{EAE 4k, 282, W4, HA TR
Bi BB B, B E T3 RE
EAREFMERK  H AT %4 1E-
ICE.CAAIFellow, H 7 E FrsEiHE B
BroE A 50, FEBE 5 Mo AT
BEE EEITE AR T IE R

\ £ P, KRR SCR AN TR BERL 2 F AR %
B — K%, FRES KA R ERIH , fig L LR
10 R, KFFARIBIL S004K5 o

R0, HdZ, i+, BTk
Sk EeEpe bk, hEA SRS
HAESBIEH¥ARERESER, TH
T A R M B AR B e Bk B B
F, EEHEGT T 18] R R TR HT AR K
REFHAR ATHEE, £33 558
: W H 40 43I0, B3E &KL H] 70 4%
T, BRAZAN 37 3L, Ik B AR 14 T, R FRAERIB L
70 45 o




	1 条件生成对抗网络
	2 基于改进CGAN的图像扩增方法
	2.1 基于循环互相关系数的改进损失函数
	2.1.1 循环互相关系数
	2.1.2 改进的损失函数

	2.2 网络设计
	2.3 算法流程

	3 实验环境与原始数据集
	4 分析与讨论
	4.1 生成图像结果
	4.2 客观质量评价
	4.3 温度值识别对比

	5 结束语

