.@ ﬁ‘\i t % N S SCOPUS, Z5EHTI
~ - A E., REE E

Journal of Applied Optics

HERTE S EIRKEERRE Gl

BT FWMAH BE LEA G

Colorization of grayscale images combined with semantic segmentation

GAO Xiaoning, YIN Liju, WANG Feng, DENG Yulin, QIN Yiming

SIHASC:

EET, FHuN Ay, T, 55 25505 AT EIRIR BE UG R B kD). B HIDE2E, 2025, 46(3): 632-642. DOT: 10.5768/JA0202546.0302003

GAO Xiaoning, YIN Liju, WANG Feng, et al. Colorization of grayscale images combined with semantic segmentation[J]. Journal of Applied Optics, 2025, 46(3): 632-642.
DOI: 10.5768/JA0202546.0302003

TELR I BE View online: htips:/doi.org/10.5768/JA0202546.0302003

T RO HA S R

Articles you may be interested in

HTHEB— L 55 W BBE U FIRTE

Weakly supervised image semantic segmentation based on masked consistency mechanism

M. 2024, 45(4): 741750  https://doi.org/10.5768/JA0202445.0402003

FHTY0H#DeepLabv3+H) T N AR LA MEMRIE X 53-H]

Semantic segmentation of nocturnal infrared images of unmanned vehicles based on improved DeepLabv3+

I3 FYE2. 2020, 41(1): 180-185  https://doi.org/10.5768/JA0202041.0106002

T Fast-SCNN R EE BRI 0 HIBE TR

Real-time segmentation algorithm of crack images based on improved Fast—-SCNN

N 2023, 44(3): 539-547  https://doi.org/10.5768/JA0202344.0302001

T RGN RS B R O R R B A B Bk

Low-light image color transfer algorithm based on image segmentation and local brightness adjustment

R 2020, 41(2): 309-317  https://doi.org/10.5768/JA0202041.0202004

TR S S RZ ML 8 B OSMNEGRIRE T

Depth estimation of monocular infrared images based on attention mechanism and graph convolutional neural network

I3 G2, 2021, 42(1): 49-56  https://doi.org/10.5768/JA0202142.0102001

H T BiSeNet ) LA ALIE B ) RIFIEBT ST

Unstructured road segmentation algorithm based on improved BiSeNet

N . 2023, 44(3): 556-564  https://doi.org/10.5768/JA0202344.0302003

PSEE (EFAVIN

Jo
S
an
e
¥
,E?t
=
il
E


http://www.yygx.net/
http://www.yygx.net/
http://www.yygx.net/cn/article/doi/10.5768/JAO202546.0302003
http://www.yygx.net/cn/article/doi/10.5768/JAO202445.0402003
http://www.yygx.net/cn/article/doi/10.5768/JAO202041.0106002
http://www.yygx.net/cn/article/doi/10.5768/JAO202344.0302001
http://www.yygx.net/cn/article/doi/10.5768/JAO202041.0202004
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0102001
http://www.yygx.net/cn/article/doi/10.5768/JAO202344.0302003

55 46 4 55 3 ) B Ot % Vol. 46 No. 3
202545 H Journal of Applied Optics May 2025

X E 4R S:1002-2082 (2025) 03-0632-11

SIAE: e T, A, Lk, S5 4561 LAY KR SR (AL [1]. BTG, 2025, 46(3): 632-642.

GAO Xiaoning, YIN Liju, WANG Feng, et al. Colorization of grayscale images combined with semantic segmentation[J].
Journal of Applied Optics, 2025, 46(3): 632-642.

%

Zh & i o B R E EEOR (Al

AT, FmA, L AR EM, BleE
(AR TR A5 F TRSE, IR T 255049)

B B ABRHENLT T AL ARE T X EGBE ORI ML —, L5 RRE| THREM S R
H. MENBHARZTARSREZBR, HALHABR T AAFGRAN R FTHEMBN, 120
WHENTEMRBEERECEZE RERmEfAREMENA, ABE LR, RET 42
HSEA S EAREBRBEBEATE, EFEETT A S0 ETREL EL 52 FREHERG
HEURE, FEL 5B FREFs R TFRERRGHFLERSEINBEALME T, I FHELRNL
ARG P BEAFEAE TR T EAGRE; FLES TR A @id e EzE AMNFFIANBELSE TR
B ORBEEANEN LR REVEMRNAT AL R G Rt N Aot mF e E i
ABIERAL TR, BE SR AATHREER TS, ERBEXRTHRT 2UAFREAY
T AR, SFT R AR EIRIE &R R, BT IR & (A 45 %R bb (peak signal-to-noise
ratio, PSNR). % #J #8 # 1% (structural similarity index measure, SSIM). & %r 48 /4 /& (learned perceptual
image patch similarity, LPIPS) £ 4~ %] 32 7 6.12%. 11.65%.4.99%.
X4tiE. BB E; 3L 53 & E; LB S
R [E 43 2 5: TN201; TP391.41 X ARERD: A DOI: 10.5768/JA0202546.0302003

Colorization of grayscale images combined with semantic segmentation
GAO Xiaoning, YIN Liju, WANG Feng, DENG Yulin, QIN Yiming

(School of Electrical and Electronic Engineering, Shandong University of Technology, Zibo 255049, China)
Abstract: Image colorization is one of the core problems of great interest in computer vision and has attracted
more and more researchers in recent years. The colorization technique improves the recognition rate and scene
comprehension of targets of human eyes in grayscale images, especially in low-light-level (LLL) images.
However, the current colorization methods still have problems such as color bleeding, color deviation and
boundary blurring. To solve the above problems, a colorization method for grayscale images combined with
semantic segmentation was proposed. A colorization network composed of a classification sub-network and a
semantic segmentation sub-network was designed to fuse the features extracted from the semantic
segmentation sub-network and the classification sub-network into the colorization network, and guide the
colorization network to assign an accurate color to each object and background in the image. Then the attention
mechanism combining with the space and channel was introduced into the semantic segmentation sub-network

to obtain a more accurate semantic segmentation results, thereby improving the perception ability of image
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boundaries and the processing ability of details of the colorization network. To verify the effectiveness of the

proposed method, several sets of LLL images of different scenes were captured under LLL environment and

colorized by multi-pixel photon counter (MPPC) experimental platform. The experimental results show that the

peak signal-to-noise ratio (PSNR), structural similarity index measure (SSIM), and learned perceptual image

patch similarity (LPIPS) of the proposed method is improved by 6.12%, 11.65%, and 4.99%, respectively.

Key words: image colorization; semantic segmentation; attention mechanism; low-light-level images
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Fig. 1 Overall framework of proposed colorization method
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Fig.3 Comparison of effects of different colorization methods



- 638 - o]

k¥

ERESE KR!

J5 vk BT RE T 4 b G S PR, 3R T I 4 ELA
LSRIOE= S Z G

ST H T B AR R R A RCR, AR SC
fdi Fl PSNR., SSIM. LPIPS #il IE 4 M8 AR pEA7 & &
M. 2R 1M 2G5 T AR HAb I 7 44
VMM T bR EAas R . mefua SR 5 87 sk ok &
7N, M TPOIUA B JE A Sk B SRR B R,
i Sk N RoRBUE /N . IR LUE H, A3
TEAE X g bR A EAF R, b, i TAF
FE/ 4 S 1 PSNR {H A7 ik 21 fe 1, PSNR 42
FEAKR, 51 A SSIM 1 B 45 14 45 k4 A1 Bl 1 A

HE R RS Rk B, R AR PSNR TGk 58 4 S e 5]
Bt 5 N IR RCR — B B G . A SO
[ SSIM i b5 B St AL T HAth J7 2, A st ) (BT 45 o 42
I LSRG (R A A S (AR A A Y T ey, X
FoRE R ER B G M mErs, BEAEFEE
1 (0 3R BLRE 7, AH B, SR AR B SR A
BUEMG BI o A B R v, = ZREPE . R,
TCie S M 3 WA 5 8 & % A8 b K B, AR SO ik
HRFR I T I WAL, BB AR LR AR EIR 40 1Y W)
B A b F & 2 FE R B, HAR B (0 [R5 8
A NEMR

F1 ARFBUFEHEGTEIEFR(PSNR 71 SSIM) Xt Lk
Table 1 Comparison of image quality metrics (PSNR and SSIM) for different colorization methods
LIZUKA S5 A LARSSON G% A ANTIC J5F A KANG X5 A VITORIA P45 A ES'@R7S
i PSNR SSIM PSNR SSIM PSNR SSIM  PSNR SSIM PSNR SSIM PSNR  SSIM
orange 17.868 0.778 20.027 0.751 20.803 0.767  20.335 0.608 22.482 0.781 23.2311  0.8291
grassland  21.166  0.899 21.789 0.947 27.990t  0.959 2695  0.960 26.822 0.895 27.145  0.9631
desktop 16.555 0.808 17.589 0.811 17.772 0.767 17.634  0.787 19.734 0.816 20.8181  0.8911
sheep 27.118 0918 25.506 0.932 27.001 0.948  26.044 0.901 29.985 0.952 30.3431  0.9601
pavement  26.429  0.908 23.613 0.940 27.681 0.953  27.504 0.895 30.135 0.965 32.3861 0.9731
zebra 19.586  0.894 21.227 0.951 23.729 0.895  27.595 0.967t  28.5837  0.959 27372 0.964
x2 AREFBUFENEGREEFR(LPIPS # IE) XLt
Table 2 Comparison of image quality metrics (LPIPS and IE) for different colorization methods
LIZUKA SFEA LARSSON G% A ANTIC J5E N KANG X% A VITORIA P& A AR
S LPIPS IE LPIPS IE LPIPS 1IE LPIPS 1IE LPIPS 1IE LPIPS IE
orange 0.152 7.134 0.188 6.979 0.169 7.248 0.190  6.873 0.126 7.2867  0.106] 6.922
grassland  0.074 7.218 0.057 7.269 0.065 7.285 0.069  7.144 0.052 7.237 0.051) 7.3057
desktop 0.139 7.428 0.115 7.372 0.101 7.191 0.106  7.459 0.129 7.502 0.079, 7.5157
sheep 0.063 7.635 0.096 7.625 0.059]  7.667 0.095 7.619 0.062 7.6717  0.060  7.641
pavement  0.156 7.682 0.162 7.676 0.073 7.722 0.123 7.671 0.075 7.639 0.051) 7.6947
zebra 0.093 7.215 0.067 7.189 0.066 7.173 0.079 7.222 0.061 7.261 0.059] 7.2871
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Fig. 4 Comparison of colorization effects of different network structures
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Table 3 Image quality metrics for experiments with diffe-

rent network structures

Frik PSNR SSIM LPIPS IE
Baseline 22.731 0.894 0.138 7.422

AT L 25.042 0.922 0.133 7.415
+3E T M 4 25.949 0.931 0.128 7.494
ATk 26.7931 0.9381 0.073] 7.5791
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Fig. 5 Comparison of colorization effects of segmented net-
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works with and without attention mechanisms
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Table 4 Image quality metrics for experiments with and

without attention mechanisms

Ik PSNR SSIM LPIPS IE
TerER LS 25.652 0.915 0.132 7.458
AT 26,7931 0.9381  0.125)  7.5791
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Fig. 6 Comparison of colorization effects with different loss
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Table S Image quality metrics for experiments with diffe-

rent loss functions

T PSNR SSIM LPIPS IE
Baseline 25.853 0.898 0.088 7.136

+ Ly, 26.343 0.905 0.084 7.242

+ Lyeg 26.291 0.913 0.079 7.307
ARSI 26.7931 0.9381 0.073| 7.5791
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Fig. 7 Physical drawing of multi-pixel photon counter ex-

perimental platform
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Comparison of LLL image effects of different colorization methods
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Table 6 Quality metrics of LLL images by different colori-

zation methods

itk PSNR SSIM  LPIPS IE
LARSSON GF A 10.847 0.207 0.747 7.332
ANTIC J5 A 10.550 0.206 0.739 7.332
VITORIA P45 A 10.762 0.212 0.737 7.337
ATk 11.1941  0.2367  0.709]  7.4081
3 #ig

AR SO Y — Rl A 1 SO Y K BE B OR
R4, SIATE L H] T W 4551 T 9 45 2 2] dna
TE B 0 R BEAT 2 ), S AR T R4 5] 5 M
2% 272 o DX 73 A [ & 53 14 B8 A AR AIE, AT 552
BLAERR AR AR ETTIOR ALCR, 2
2R BRIBSURI 73 408 2% A A J R B =L mT e i 5 S 4K
oA, $E T+ T R BB AR GAHCR . SRR
WA, AR SCHR K PR R (b 5 i AR 32 T R
Jot ek FOR B PR A5 A £ ST i R BUE AL . [F]
I, 7 SCT5 A AT LA AR 0 R (5 30T 1 5 S A
A NR AL e O . A T RUAE R T7 1, A 3007
AT LR Y | PO Ml 22 R A SRR ) A5
TR A B LS

&% k-

CU] iR, PNGRE, 45/, 56, Sk T A8 BRBRER A 4= 2RLL oML
BRIk LI). B, 2012, 33(4): 727-732.
QIAO Shuai, SUN Shaoyuan, GU Xiaojing, et al. Coloriz-
ation method of in-vehicle infrared video based on con-
tour tracking [J]. Applied Optics, 2012, 33(4): 727-732.

(2] W, K8 5, EAR2T, 5. AR G IR 2SR AL BT

[3]

[4]

[5]

6]

[7]

(8]

[9]

[10]

[11]

G LI, 0 B2, 2015, 36(3): 403-407.

YANG Chen, ZHANG Zhiyong, WANG Jihong, et al.
Research on decolorization of infrared pseudo-color im-
ages[J]. Applied Optics, 2015, 36(3): 403-407.

ik, EHIE, £, 55 BT LLE LSRR Gfk
ARPREEAETE L] R, 2012, 33(4): 733-737.

WU Qiang, WANG Xinsai, WANG Weiping, et al. Re-
search on colorization processing algorithm of infrared
imaging based on LLE[J]. Applied Optics, 2012, 33(4):
733-737.

R, B SO, AR, 45, = BHOBR IR ik
5T [T, G2, 2015, 36(3): 430-434.

CHEN Yichao, HU Wengang, WU Dongsheng, et al. Re-
search on three-waveband microlight color night vision
method [J]. Applied Optics, 2015, 36(3): 430-434.
FLOREA L, FLOREA C, IONASCU C. Avoiding the de-
convolution: framework oriented color transfer for enhan-
cing low-light images[J]. IEEE Computer Society, 2016:
27-35.

HOGERVORST M A, TOET A. Fast natural color map-
ping for night-time imagery[J]. Information Fusion,
2010, 11(2): 69-77.

KHAN M U G, GOTOH Y, NIDA N. Medical image col-
orization for better visualization and segmentation[C]//
Annual Conference on Medical Image Understanding and
Analysis, MIUA 2017. Cham: Springer, 2017: 571-580.
LIU L, JIANG Q, JIN X, et al. CASR-Net: a color-aware
super-resolution network for panchromatic image[J]. En-
gineering Applications of Artificial Intelligence, 2022,
114: 105084.

ARSI, 4, 55, SETIRBEPh 22 25 18 IR 1R
# ALk 1) AL B i 5 BUE 2224k, 2021,
33(11): 1658-1667.

FENG Jianan, JIANG Qian, JIN Xin, et al. Remote sens-
ing image colorization method based on deep neural net-
work [J]. Journal of Computer-Aided Design &Computer
Graphics, 2021, 33(11): 1658-1667.

DESHPANDE A, LU J, YEH M C, et al. Learning di-
verse Image Colorization[C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). New
York: IEEE. 2017: 2877-2885.

HORIUCHI T, HIRANO S. Colorization algorithm for
grayscale image by propagating seed pixels[C]//2003
IEEE International Conference on Image Processing

(ICIP). New York: IEEE, 2003: 03CH37429.


https://doi.org/10.5768/JAO201536.0302004
https://doi.org/10.5768/JAO201536.0302004
https://doi.org/10.5768/JAO201536.0304001
https://doi.org/10.5768/JAO201536.0304001
https://doi.org/10.1016/j.inffus.2009.06.005
https://doi.org/10.1016/j.engappai.2022.105084
https://doi.org/10.1016/j.engappai.2022.105084

642 - ||

ERESE KR!

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[21]

LEVIN A, LISCHINSKI D, WEISS Y. Colorization us-
ing optimization[J]. ACM Transactions on Graphics,
2004, 23(3): 689-694.

WU Z, XUE R. Color transfer with salient features map-
ping via attention maps between images[J]. IEEE Access,
2020, 8: 104884-104892.

IR, XU, RN T T IRUR O3 E1 R0 R A8 E B TR R A4 1
YR B i3 vk (1] BEHIE%, 2020, 41(2): 309-
317.

XIN Lang, LIU Jun, YUAN Yuan. A color transfer al-
gorithm for ember images based on image segmentation
and local brightness adjustment[J]. Applied Optics, 2020,
41(2):309-317.

ek, Frunsg, w e, 45 2S00 B (H H U S
@ik 1], LA SO TRE, 2018, 47(5): 159-166.
ZHONG Hongyu, YIN Liju, GAO Mingliang, et al. A col-
our transfer method for remapping multiparameter lumin-
ance values[J]. Infrared and Laser Engineering, 2018,
47(5): 159-166.

CHENG Z, YANG Q, SHENG B. Deep colorization[C]//
2015 IEEE International Conference on Computer Vision
(ICCV). New York: IEEE, 2015: 415-423.

LIZUKA S, SIMO-SERRA E, ISHIKAWA H. Let there
be color! Joint end-to-end learning of global and local im-
age priors for automatic image colorization with simultan-
eous classification[J]. ACM Transactions on Graphics
(ToG), 2016, 35(4): 1-11.

LARSSON G, MAIRE M, SHAKHNAROVICH G.
Learning representations for automatic colorization[C]//
European Conference on Computer Vision. Cham:Spring-
er International Publishing, 2016: 577-593.

ZHANG R, ISOLA P, EFROS A A. Colorful image color-
ization[J]. Cham: Springer , 2016: 649-666.

AREUR, B, LR, 55, BT XA UM S
T 1], LA SHOLTRE, 2018, 47(2): 43-48.

YU Siquan, HAN Zhi, TANG Yandong, et al. Texture
synthesis method based on adversarial generative net-
work[J]. Infrared and Laser Engineering, 2018, 47(2):
43-48.

TRENESKA S, ZDRAVEVSKI E, PIRES P G S. GAN-

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

based image colorization for self-supervised visual fea-
ture learning [J]. Sensors, 2022, 22(4): 1599-1615.
ISOLA P, ZHU J Y, ZHOU T, et al. Image-to-image
translation with conditional adversarial networks[C]//
2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). New York: IEEE, 2017: 5967-5976.
CAO Y, ZHOU Z, ZHANG W, et al. Unsupervised dive-
rse colorization via generative adversarial networks[C]//
ECML/PKDD 2017. Cham: Springer, 2017: 151-166.
ANTIC J. DeOldify [EB/OL]. (2018-10-31) [2021-12-
10]. https://github.com/jantic/DeOldify.

NAZERRI K, NG E, EBRAHIMI M. Image colorization
using generative adversarial networks[C]//2020 Interna-
tional Conference on Machine Vision and Image Pro-
cessing (MVIP). Cham: Springer, 2018: 85-94.

VITORIA P, RAAD L, BALLESTER C. ChromaGAN:
adversarial picture colorization with semantic class distri-
bution [C]// Workshop on Applications of Computer Vis-
ion. New York: IEEE, 2020: 2445-2454.

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft
COCO: common objects in context[C]// 2014 IEEE Inter-
national Conference on Computer Vision (ICCV). New
York: IEEE, 2014: 740-755.

KINGMA D, BA J. Adam: a method for stochastic optim-
ization [C]//International Conference on Learning Repres-
entations. New York: IEEE, 2015: 6980-6994.

HORE A, ZIOU D. Image quality metrics: PSNR vs.
SSIM[C]//2010 20th International Conference on Pattern
Recognition. Istanbul : IEEE, 2010: 2366-2369.

ZHANG R, ISOLA P, EFROS A A, et al. The unreason-
able effectiveness of deep features as a perceptual metric
[C]// Proceedings of IEEE Conference on Computer Vis-
ion and Pattern Recognition. Washington DC: IEEE Com-
puter Society, 2018: 586-595.

KANG X, YANG T, OUYANG W, et al. Ddcolor: to-
wards photo-realistic image colorization via dual de-
coders [C]// Proceedings of IEEE/CVF International Con-
ference on Computer Vision. New York: IEEE, 2023:
328-338.


https://doi.org/10.1145/1015706.1015780
https://doi.org/10.1109/ACCESS.2020.3000065
https://doi.org/10.5768/JAO202041.0202004
https://doi.org/10.5768/JAO202041.0202004
https://doi.org/10.3390/s22041599
https://github.com/jantic/DeOldify

	引言
	1 语义分割的灰度图像彩色化方法
	1.1 语义分割子网络
	1.2 分类子网络
	1.3 损失函数

	2 实验结果与分析
	2.1 数据集
	2.2 实验参数
	2.3 评价指标
	2.4 不同算法实验结果对比
	2.5 消融实验
	2.6 微光图像

	3 结论
	参考文献

