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Abstract: Polarization image fusion improves overall image quality by combining spectral and polarization
information. It is used in different fields, such as image enhancement, spatial remote sensing, target
identification and military defense. In this study, based on a review of traditional fusion methods using
multi-scale transform, sparse representation, pseudo-coloration, etc. we focus on the current research status
of polarization image fusion methods based on deep learning. First, the research progress of polarization
image fusion based on convolutional neural networks and generative adversarial networks is presented.
Next, related applications in target detection, semantic segmentation, image defogging, and three-

dimensional reconstruction are described. Some publicly available high-quality polarization image datasets

are collated. Finally, an outlook on future research is presented.
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Fig.1 SR-based fusion results for different scenes
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Fig.2 PCNN-based fusion results for different scenes
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Table 1

Comparison of traditional polarization image fusion methods

Methods

Specificities

Advantages

Shortcomings

Multi-scale

Important visual information can

be extracted at different scales and

It is capable of extracting multi-

scale details and structural

The determination of decomposition

levels and the selection of fusion

transformation  provide  better spatial and information to effectively improve rules usually depend on manual
frequency resolution. the quality of fused images. experience.

The method uses a linear subspace The method captures sparse Dictionary training has some

Sparse representation of training samples features and highlights target computational complexity and is

representation  and is suitable for approximating details, retaining unique source more sensitive to noise and pseudo-

similar objects.

image information.

features.

Pulse coupled

neural network

It is composed of various neurons,
including reception, modulation,
and pulse generation, and it is
real-time

suitable  for image

processing.

It can effectively detect the edge
and texture features of the image,
and the edge information fusion

effect is relatively good.

The implementation requires
multiple iterative computations. It
has high operational coupling, many

parameters, and is time-consuming.

Pseudo-color-

based methods

The method maps the gray levels
of a black-and-white or
monochrome image to a color
space or assigns corresponding

colors to different gray levels.

Images of different bands can be
mapped to pseudo-color space,
thus visually representing multi-
band

information for  easy

observation and understanding.

The main function is to colorize the
image, which cannot extract and fuse
more information, and the ability to
information  is

retain  detailed

relatively weak.
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Table 2 Comparison of polarization image fusion algorithms based on CNN and GAN
Methods Specificities Advantages Shortcomings

The complexity of the algorithm
depends on the coding method and
the design of fusion rules. The
CNN-based fusion network has

CNN can automatically learn image
features and patterns, which can
simplify the process of algorithm

design and implementation and

The problem of overfitting may
occur when training on small
sample datasets. It may not be

sensitive to the detailed information

CNN better  feature learning and greatly improve accuracy. It is in the image and easily lose the
representation ability, which makes widely used in the process of details in the fusion process.
it more suitable for information feature extraction and Networks with deeper layers
extraction and feature fusion representation. usually require a lot of
processes. computational resources and time.
The fusion process is modeled asan  The adversarial learning The training process is relatively
adversarial game between the mechanism of the generator and unstable. The design and tuning
generator and the discriminator. discriminator enhances the realism process is relatively complex and
Through  continuous  learning and overall quality of the image requires reasonable selection and
optimization, the fusion result of fusion, better preserving the details adjustment of the network

GAN the generator converges with the and structural features of the source architecture and loss function. It

target image in terms of probability
distribution. The feature extraction,
fusion, and image reconstruction
realized

processes can be

implicitly.

image. Training is performed
unsupervised and usually does not
require large amounts of labeled

data.

may lead to artifacts or unnatural
problems in the generated images in

some specific scenarios.
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Table 3 Polarization image dataset

Source Waveband Year Quantity Resolution
Reference[60] Visible band(Grayscale) 2019 120 1280%x960
Reference[61] Visible band(RGB) 2020 40 1024x768
Reference[62-63] Long-wave infrared band 2020 2113 640x512
Reference[47] Visible band(RGB) 2021 394 1224x1024
Reference[64] Visible band(RGB) 2021 66 1848%2048
Reference[65] Visible band(RGB) 2021 40 1024x1024

EEPEE

5 RESRE

EAT, i 9 5 Fil -5 400 35 1E AE 52 28Rk . 22 1)
RUEFIBEFE o R A FDETE L B R 5 ik 145
BEAT A, T EASEELA RO A5 B A R AN IR
FOVRE TTEAE — B AR T BIRAN TR SR TR
JRIRAE, RIS AR OL A 72 T WVE 4 A2 0 23
HHHEAEARE IR, BN mIREGRE
AU LR FE T 0] o AR, 211 AR 2 2 = fi I it
B TT AT B 2 HL R 73 AU 0 LA R B2 I 2% 1)
LB FH BT B s, 2D Al R AR SR R AN 4 5
AR PEREAT IR AN 3 HT » FEFEA BRI 7T . BRI H]
DA% S5 96 UE 55 T T #AFAE B 3R T S |, R
FELLR JUAST7 T — 2B R R AT -

OFH B #5515 5] 10 I 45 11 22 57 4 2 O I
A A (polarimetric Bidirectional Reflectance
Distribution Function, pBRDF) , 43#7 H #r ik 15
55 A LA 9% 2R, F A 2 1 - £ - £ 00
10 4 R B O S AR AR, T S 3 B A ) AR AR AE
B B R A .

@A IE H AR iR 12 S R AETT %5, 7890
KAFBRIL 2 IR FFA2 40 % (0 I 47 BE A i A0
REERIE o B AR ' 2R P N T R R o 72, [
KAl R T7 R SR I G T A S S, K
IO, 5 AR AR ALE 2 D 4R PR i 5

@) T JE 5 >0 Rl 0 28 U1 2 368 R R 2
o 10 H B2 R R R A R, BT AR
FHEHE i % 22 06 1 R Bl AR 015 B L=, IRk
Hu PRt BA IR Y ZREE ) TR BE 2 ST Rl E N 25

@RS EARBESEBEHRBER, KRE
PR RE BT 20 SEBDGER L ST R f HR 015 B B
A, SETHREEVERE, RIS Oy EUR 7 B 23 2880 H Fe e il
WU SEA AT 55 PR TRt S 4

(1

(2]

(3]

(6]

LI S, KANG X, FANG L, et al. Pixel-level image fusion: a survey of
the state of the art[J]. Information Fusion, 2017, 33: 100-112.

ZHANG H, XU H, TIAN X, et al. Image fusion meets deep learning: a
survey and perspective[J]. Information Fusion, 2021, 76: 323-336.
DR, SRRHE, JME, F. WMIRRGEAR R RIVR S R
BO[J]. LINSETEE, 2022, 51(1): 101-110.

LUO Haibo, ZHANG Junchao, GAI Xingqin, et al. Development status
and prospect of polarization imaging technology (Invited)[J]. Infrared
and Laser Engineering, 2022, 51(1): 101-110.

JSRE, BN, S ORI R SR BT TR R RS (7] D4k
AR, 2021, 43(9): 817-828.

ZHOU Qiangguo, HUANG Zhiming, ZHOU Wei. Research progress
and application of polarization imaging technology[J]. Infiared
Technology, 2021, 43(9): 817-828.

Betf, AT, SEREAM, S SN IR R AR E SRR BT 5T HE R
(B[], ZI5MEAR, 2014, 36(3): 190-195.

DUAN lJin, FU Qiang, MO Chunhe, et al. Review of polarization
imaging technology for international military application(I)[J]. Infiared
Technology, 2014, 36(3): 190-195.

SR, BUER, AT, S AR BB FE R BT 5T R
(P, ZI9MEAR, 2014, 36(4): 265-270.

MO Chunhe, DUAN Jin, FU Qiang, et al. Review of polarization
imaging technology for international military application(II)[J].
Infrared Technology, 2014, 36(4): 265-270.

i, BEE, i, & WIREGER A ORERD]. KBRS
BRE, 2021, 42(6): 9-21.

WANG Xia, ZHAO Jiabi, SUN Jing, et al. Review of polarization image
fusion technology[J]. Aerospace Return and Remote Sensing, 2021,
42(6): 9-21.

LI X, YAN L, QI P, et al. Polarimetric imaging via deep learning: a
review[J]. Remote Sensing, 2023, 15(6): 1540.

YANG Fengbao, DONG Anran, ZHANG Lei, et al. Infrared

polarization image fusion based on combination of NSST and improved

125



a0 2 AN A N Vol.46  No.2
202442 H Infrared Technology Feb. 2024

PCA[J]. Journal of Measurement Science and Instrumentation, 2016,
7(2): 176-184.

[10] #pRE, #e i, 5K, 2. DWT, NSCT FlSiik PCA HhFRIA &4
AR ER RS [T]. LD9MRAR, 2017, 39(3): 201-208.
YANG Fengbao, DONG Anran, ZHANG Lei, et al. Infrared
polarization image fusion using the synergistic combination of DWT,
NSCT and improved PCA[J]. Infrared Technology, 2017, 39(3): 201-
208.

[11] ILEER, X%, . FEF /N -Contourlet 28 ) f IR K14 mil & 5
IE[I]. £I5MERAR, 2020, 42(2): 182-189.
SHEN Xuechen, LIU Jun, GAO Ming. Polarization image fusion
algorithm based on Wavelet-Contourlet transform[J]. Infrared
Technology, 2020, 42(2): 182-189.

[12] SKFI/R, U5, BT/ A S o B 4040 i 3 B R A (7], 3
F5415h, 2020, 50(5): 578-582.
ZHANG Yuchen, LI Jiangyong. Polarization image fusion based on
wavelet transform[J]. Laser & Infrared, 2020, 50(5): 578-582.

[13] E5E, ¥E%L. HET Retinex AN B K N R E1G R4 7%
[7]. RIAEE, 2022, 42(8): 116-122.

WANG Ce, XU Suan. Underwater polarization image fusion method

based on Retinex and wavelet transform[J]. Applied Laser, 2022, 42(8):

116-122.
[14] BRERIE, BRFVFE, R4, 2. T 4M5 MBI S Rk
&R A[]. LI9MRAR, 2023, 45(3): 257-265.

CHEN Jinni, CHEN Yuyang, LI Yunhong, et al. Fusion of infrared

intensity and polarized images based on structure and decomposition[J].

Infrared Technology, 2023, 45(3): 257-265.

[15] LIUY,LIUS, WANG Z. A general framework for image fusion based
on multiscale transform and sparse representation[J]. Information
Fusion, 2015, 24(C): 147-164.

[16] Z&ZE, XIERH, g4, T DTCWT FIFG b RN M MR RS

SRERRLAT]. FeFEIR, 2017, 46(12): 207-215.
ZHU Pan, LIU Zeyang, HUANG Zhanhua. Infrared polarization and
intensity image fusion based on dual-tree complex wavelet transform
and sparse representation[J]. Acta Photonica Sinica, 2017, 46(12):
207-215.

[17] ZHU P, LIU L, ZHOU X. Infrared polarization and intensity image
fusion based on bivariate BEMD and sparse representation[J].
Multimedia Tools and Applications, 2021, 80(3): 4455-4471.

[18] ZHANG S, YAN 'Y, SU L, et al. Polarization image fusion algorithm
based on improved PCNN[C]//Proceedings of SPIE-The International
Society for Optical Engineering, 2013, 9045.

[19] ZEiH4E, #71%, THEE, %. 5T BEMD I IER PCNN [ fiiR
BRI A I]. B ZE, 2018, 39(3): 94-98.

LI Shiwei, HUANG Danfei, WANG Huimin, et al. Polarization image

126

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

fusion based on BEMD and adaptive PCNN[J]. Laser Journal, 2018,
39(3): 94-98.

TSR, Beb, BREFIG, %, JET NSST 5 HIER SPCNN KT
R EEEL S [I]. B SBFFHR, 2020, 57(6): 103-113.

YU lJingiang, DUAN Jin, CHEN Weimin, et al. Underwater
polarization image fusion based on NSST and adaptive SPCNN[J].
Laser & Optoelectronics Progress, 2020, 57(6): 103-113.

Mr, BT, Mbeds, & —FORA THS 2 ) R AR i ik 28 2% P
BT[], BRE R, 2006, 21(2): 11-13.

YE Song, TANG Weiping, SUN Xiaobing, et al. Characterization of
the polarized remote sensing images using IHS color system[J]. Remote
Sensing Information, 2006, 21(2): 11-13.

AR, VRS, SR AE R B BUR R R B S BT, e
Z4R, 2007, 36(7): 1356-1359.

ZHAO Yonggiang, PAN Quan, ZHANG Hongcai. Research on
adaptive multi-band polarization image fusion[J]. Acta Photonica
Sinica, 2007, 36(7): 1356-1359.

BKR, WEAR, SRt — AR A O BRSO BB mh G 7 i
FI]. FFFIR, 2007, 36(1): 180-183.

ZHAO Yonggiang, PAN Quan, ZHANG Hongcai. A new spectral and
panchromatic images fusion method[J]. Acta Photonica Sinica, 2007,
36(1): 180-183.

JEI, SRARAE, BERAR, &5, B TR SUERE S RAD THS Bl
B i R [ Rl 15 T VA LT]. SEFE4R, 2010, 39(9): 1682-1687.

ZHOU Pucheng, HAN Yusheng, XUE Menggen, et al. Polarization
image fusion method based on non-negative matrix factorization and
THS color model[J]. Acta Photonica Sinica, 2010, 39(9): 1682-1687.
FER, skdtdh, BEROR. JET B0 RS AR 2K 4 B 4 PR
BT FeFEAR, 2011, 40(1): 149-153.

ZHOU Pucheng, ZHANG Hongkun, XUE Mogen. Polarization image
fusion method wusing color transfer and clustering-based
segmentation[J]. Acta Photonica Sinica, 2011, 40(1): 149-153.
M, BREE, BRD, & 25MRIRS 44N B R 6
AR, LIS, 2012, 34(2): 109-113.

LI Weiwei, YANG Fengbao, LIN Suzhen, et al. Study on pseudo-color
fusion of infrared polarization and intensity image[J]. Infrared
Technology, 2012, 34(2): 109-113.

. 2 BBURIR BB R & T vERE AL [D). dbat: dbnt 3 TR,
2019.

SUN Jing. Research on Multi-band Polarization Image Fusion
Method[D]. Beijing: Beijing Institute of Technology, 2019.

TF L. 2R BRIR GG BRIE SR RE AR D], dbnt: db
TR, 2021,

SU Zihang. Research on Multi-band Polarization Image Information

Correction and Enhancement Technology[D]. Beijing: Beijing Institute



Fa6t H2 W

2024 42 H

Bt HRSE: RS )RR R RS BT ST BUIR

Vol.46 No.2
Feb. 2024

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

of Technology, 2021.

HU J, MOU L, Schmitt A, et al. FusioNet: a two-stream convolutional
neural network for urban scene classification using PolSAR and
hyperspectral data[C]// Proceedings of the 2017 Joint Urban Remote
Sensing Event (JURSE), 2017: 1-4.

ZHANG J, SHAO J, CHEN 1J, et al. PFNet: an unsupervised deep
network for polarization image fusion[J]. Optics Letters, 2020, 45(6):
1507-1510.

WANG S, MENG J, ZHOU Y, et al. Polarization image fusion
algorithm using NSCT and CNN[J]. Journal of Russian Laser
Research, 2021, 42(4): 443-452.

ZHANG J, SHAO J, CHEN J, et al. Polarization image fusion with self-

learned fusion strategy[J]. Pattern Recognition,2021, 118(22): 108045.

XU H, SUN Y, MEI X, et al. Attention-Guided polarization image
fusion using salient information distribution[J]. IEEE Transactions on
Computational Imaging, 2022, 8: 1117-1130.

EER, B, SR, S TR AR (R 3R B R A T 2% 1
THI]. HFHEZIIE, 2023, 31(8): 1256-1266.

YAN Deli, SHEN Chong, WANG Chenguang, et al. Design of
intensity image and polarization image fusion network[J]. Optics and
Precision Engineering, 2023, 31(8): 1256-1266.

Goodfellow I, Pouget-Abadie J, Mirza M, et al. Generative adversarial
nets[C]//Advances in Neural Information Processing Systems, 2014:
2672-2680.

MA J, YU W, LIANG P, et al. FusionGAN: a generative adversarial
network for infrared and visible image fusion[J]. Information Fusion,
2019, 48: 11-26.

ZHAO C, WANG T, LEI B, Medical image fusion method based on
dense block and deep convolutional generative adversarial network[J].
Neural Comput. & Applic., 2021, 33: 6595-6610.

LIU Q, ZHOU H, XU Q, et al. PSGAN: a generative adversarial
network for remote sensing image pan-sharpening[J]. I[EEE
Transactions on Geoscience and Remote Sensing, 2021, 59(12):
10227-10242.

MA J, XU H, JIANG J, et al. DDcGAN: a dual-discriminator
conditional generative adversarial network for multi-resolution image
fusion[J]. IEEE Transactions on Image Processing, 2020, 29: 4980-
4995.

LI J, HUO H, LI C, et al. Attention FGAN: infrared and visible image
fusion using attention-based generative adversarial networks[J]. IEEE
Transactions on Multimedia, 2021, 23: 1383-1396.

MA J, ZHANG H, SHAO Z, et al. GANMcC: a generative adversarial
network with multi-classification constraints for infrared and visible
IEEE Transactions on Instrumentation and

image fusion[J].

[42]

[43]

[44]

[45]

[46]

(471

[48]

[49]

[50]

(511

[52]

Measurement, 2021, 70: 1-14.

WEN Z, WU Q, LIU Z, et al. Polar-spatial feature fusion learning with
variational generative-discriminative network for PolSAR classi-
fication[J]. IEEE Transactions on Geoscience and Remote Sensing,
2019, 57(11): 8914-8927.

DING X, WANG Y, FU X. Multi-polarization fusion generative
adversarial networks for clear underwater imaging[J]. Optics and
Lasers in Engineering, 2022, 152: 106971.

LIU J, DUAN J, HAO Y, et al. Semantic-guided polarization image
fusion method based on a dual-discriminator GAN[J]. Optic Express,
2022, 30: 43601-43621.

SUN R, SUN X, CHEN F, et al. An artificial target detection method
combining a polarimetric feature extractor with deep convolutional
neural networks[J]. International Journal of Remote Sensing, 2020, 41:
4995-5009.

ZHANG Y, Morel O, Blanchon M, et al. Exploration of deep learning
based multimodal fusion for semantic road scene segmen-
tation[C]//14th International Conference on Computer Vision Theory
and Applications, 2019: 336-343.

XIANG K, YANG K, WANG K. Polarization-driven semantic
segmentation via efficient attention-bridged fusion[J]. Optic Express,
2021, 29: 4802-4820.

BEKME. T IR A EE Se 00 5 55 (1], IR ER, 2022, T1(14):
112-120.

HUO Yongsheng. Polarization-based research on a priori defogging of
dark channel[J]. Acta Physica Sinica, 2022, 71(14): 112-120.

WK, ERRIS, X, 5. Y45 8 A b I U e R
KR LT B SRBFEFHR, 2022, 59(4): 232-240.

MENG Yufei, WANG Xiaoling, LIU Chang, et al. Dehazing of dual
angle polarization image based on mean comparison of quartering dark
channels[J]. Laser & Optoelectronics Progress, 2022, 59(4): 232-240.
KR, R, A58, & T 2 /NEEE B InBR PRI 25 5 HR ).
BAEHEBETEHRE, 2018, 55(12): 468-477.

ZHANG Su, ZHAN Juntong, FU Qiang, et al. Polarization detection
defogging technology based on multi-wavelet fusion[J]. Laser &
Optoelectronics Progress, 2018, 55(12): 468-477.

HUANG F, KE C, WU X, et al. Polarization dehazing method based
on spatial frequency division and fusion for a far-field and dense hazy
image[J]. Applied Optics, 2021, 60: 9319-9332.

JSCE, TSR, BN, 58 2 RBEE 5 i Ik B G Rl 2%
FHEVES RG] PEFE, 2021, 14(2): 298-306.

ZHOU Wenzhou, FAN Chen, HU Xiaoping, et al. multi-scale singular

value decomposition polarization image fusion defogging algorithm

and experiment[J]. Chinese Optics, 2021, 14(2): 298-306.

127



a0 2 AN A N Vol.46  No.2
202442 H Infrared Technology Feb. 2024

[53]

[54]

[55]

[56]

[57]

[58]

128

AR, XK, ABIRMG. RIR =4 AR AR i SR B AR SR R[], 4T
SNSRI FIR, 2021, 40(2): 248-262.

LI Xuan, LIU Fei, SHAO Xiaopeng. Research progress on polarization
3D imaging technology[J]. Journal of Infrared and Millimeter Waves,
2021, 40(2): 248-262.

EiR, BRI, G S O6 IR A = g R R B R (R
O[], FEEIIARRA, 2022, 37(5): 33-43.

WANG Xia, ZHAO Yuwei, JIN Weiqi. Overview of polarization-
based three-dimensional imaging techniques(Invited)[J]. Opto-
electronic Technology Application, 2022, 37(5): 33-43.

Wik, 2, RALEL, A5 R EHURE IR BEAE B AR SO 1 Ml 4i
=Y EE#[T]. AINSEREFIR, 2019, 38(6): 819-827.

YANG Jinfa, YAN Lei, ZHAO Hongying, et al. Shape from
polarization of low-texture objects with rough depth information[J].
Journal of Infrared and Millimeter Waves, 2019, 38(6): 819-827.
TRHEAE, MAOEE, MR, . BT A AR TR AL 1 IR R 2
WA =4 EE#[T]. AINSEREFER, 2021, 40(1): 133-142.
ZHANG Ruihua, SHI Baixin, YANG lJinfa, et al. Polarization multi-
view 3D reconstruction based on parallax angle and zenith angle
optimization[J]. Journal of Infrared and Millimeter Wave, 2021, 40(1):
133-142.

BA Y, Gilbert A, WANG F, et al from

Deep shape

polarization[C]//Computer Vision—-ECCV 2020: 16th FEuropean
Conference, 2020: 554-571.
FRflk. B TmIRE R TELAMG D] T &R T K%,

2021.

[59]

[60]

[61]

[62]

[63]

[64]

[65]

CHEN Chuangbin. Surface Normal Estimation Based on Polarization
Information[D]. Guangzhou: Guangdong University of Technology,
2021.

FReR. A ARG E SRS H b =4 E @ 5 5 [D).
K bk, 2022,

WANG Xiaomin. Research on Low Texture Target 3D Reconstruction
Algorithm Integrating Polarization and Light Field Information[D].
Taiyuan: North University of China, 2022.

ZENG X, LUO Y, ZHAO X, et al. An end-to-end fully-convolutional
neural network for division of focal plane sensors to reconstruct SO,
DoLP, and AoP[J]. Optic Express, 2019, 27: 8566-8577.

Morimatsu M, Monno Y, Tanaka M, et al. Monochrome and color
polarization demosaicking using edge-aware residual interpolation
[C]//2020 IEEE International Conference on Image Processing(ICIP),
2020: 2571-2575.

LIN,ZHAOY, PAN Q, et al. Full-time monocular road detection using
zero-distribution prior of angle of polarization[C]//European
Conference on Computer Vision (ECCV), 2020: 457-473.

LI N, ZHAO Y, PAN Q, et al. Illumination-invariant road detection
and tracking using LWIR polarization characteristics[J]. ISPRS
Journal of Photogrammetry and Remote Sensing, 2021, 180: 357-369.
SUN Y, ZHANG J, LIANG R. Color polarization demosaicking by a
convolutional neural network[J]. Optic Letter, 2021, 46: 4338-4341.
QIU S, FU Q, WANG C, et al. Linear polarization demosaicking for
monochrome and colour polarization focal plane arrays[J]. Computer

Graphics Forum, 2021, 40: 77-89.



