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Polarized multispectral image classification of typical ground objects

based on neural network (I/nvited)

Zhang Ying, Li Heshen, Wang Hao, Sun Junhua’, Zhang Xi, Liu Huilan, Lv Yanhong
(School of Instrumentation and Optoelectronic Engineering, Beihang University, Beijing 100191, China)

Abstract: Compared with the traditional multispectral imaging detection, polarized multispectral imaging
detection can detect more information of the detected object surface such as roughness and moisture content,
which brings great convenience to target detection. However, at present, it is mainly used for target detection and
not widely used in target classification. BP neural network is a typical neural network commonly used at present.
Neural network can establish the start-to-end mapping. On the premise that the training sample set is large
enough, the trained neural network with good consequences is an efficient, accurate and high-speed tool. Firstly,
the polarized multispectral images of typical ground objects were obtained by using the polarized multispectral
imaging detection system based on rotating polarizer and filter, and after the images were preprocessed, the data
set could be established; Secondly, the neural network was trained on this data set. The trained neural network
could process the unknown polarized spectrum images and realize the classification of several typical ground

objects; Finally, the effect of neural network classification was evaluated and compared with several other typical
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classification methods. It was found that the neural network method has better classification accuracy and effect.

Compared with the typical maximum likelihood classification algorithm, its overall classification accuracy could
be improved from 91.7% to 94.2%, and the Kappa coefficient could be improved from 0.851 to 0.898. The results

show that the polarized multispectral image classification method based on neural network has certain research

significance for improving and optimizing the existing data processing methods of polarized multispectral images.

Key words: polarized multispectral image;
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Fig.1 (a) Structure diagram of polarized multispectral imaging system;

(b) Physical system image
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Tab.1 Main device parameters of polarized multispectral imaging system

Device Performance Parameter
Type MER2-502-79 U3 M/C
Port USB3.0
Resolution 2 448(H) x 2 048(V)
Specifications of CCD sensor
Frame rate 79.1 fps
Sensor 2/3", Sony IMX250Global shutter CMOS
Pixel size 3.45 pmx3.45 pm
Specifications of lens Lens mount Port C
Type GSP-25
Specifications of polarizer
Extinction ratio >1000:1
Half bandwidth 10 nm
Specifications of filter
Peak transmittance 50%
Weight 1.5kg
Mechanical specifications
Size 18(L) cmx10(W) cmx13(H) cm
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Fig.2 Algorithm flow chart for registration
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Fig.3 Network structure diagram
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Fig.4 (a) Samples selected from a set of images; (b) 7, O, U components of a sample; (c) Degree of linear polarization of a sample; (d) Polarization angle

of a sample

20220249-5



ISk A2

% 64

www.irla.cn % 51 %

RN 4b)~(d) Fis .
2.2 HHERMEEEMIIZ%

Z A 9T 7E Python3.7 85 K, B T 4 #K Tensor
Flow2.3-gpu FFEHESL, SR F Adam I 4k %% LA K4 65 22
S A5 % bR R (keras.Sparse Categorical Crossentropy),
TE 2 Ul s UG, 5T HIN R T RORBON R B2
W 2% B A, 4% Bk TensorFlow2.3-gpu HE 242 1] L
NVIDIA %51 GPU £ 5 i 2 [ 2% (¥ Il ZR Tt , e s
BFR AR HTTERBATHE . Adam (E1L
ar i T HAEREIL T . SCELR AR TR E H AR
PR, TEAR 24 22 W0 2% A BT

T H ST A P S B RL R B  R AT 12 DT,
TEZ i A B b 150 kIR m, HAEI R4
L HER AR IR E] 97.3%, 15k PR EE K T 0.58, 7ER RS
L HER AR F] 94.2%, Bk AR T 0.61. ] 5(a)
FIEL 5(b) JE7R 1 il R 451 2% o K0 VI 2 0 KR A
AT B

0.95 |
0.90 |
0.85 |

g 050 |

3075 |

<070 |
0.65 |
0.60 |
0.55

L TI ©
.\ o}

. ® Training accuracy

20 40 60 80 100 120 140
Epochs

| ® (b @ Train loss

°
09
°

08-‘\
0.7
0.6 ;

0 20 40 60 80 100 120 140
Epochs

Bls (a) FIZE I ZREEERT AR RIS (b) IE IR BRAGE A
3

Fig.5 (a) Training accuracy iterative image of network; (b) Training loss

Loss

iterative image of network

3 MEM S LERRBTEN

3.1 HMEMKZFEER

W 25 1 2550 B, T BEXT I 45 14 3 SR A T T
Wro B SENT Ll B AR R i KB W 4 2
ROR o ARG — A R i T 45 2R L o,
Jeks gt WAL R BAE A, SRS TR S AR Il 22
W 25 BRI HEAT i 156, P A B BRI B AR B A T T
M, 22 W 2% 25 7 S AR R VA28 0 B — 25 ik
R, I XA TR A A5 R . R T 5 SR AT = i
AR RIS, 8RS 1 B8 1# 6(a) B T 3R
— i 22001 USRI 19 S 5637 5, 8] 6(a) iM%
T — IR IR R, 18] 6(c) R T M2 M 48 0 iz 2
EENpeen e N

o1 T oI AR IR 2 O00IE R R h s hn 17 O6M,
SECJIE]  EHZR W A6 3R B Y, PR 2
B AL T XA E . WA 6 TRV, SRR 4
FROREN BAF, BARSE N T 138 SoeHi Jr | i
CUNNIE e

Soil and
rock

20220249-6



s Gk A2

www.irla.cn % 51 %

K6 (a) J:B0T5E; (b) —MRIEURIER; (o) P M2 X% 2 1K 1 2K
]
Fig.6 (a) Experimental scene; (b) One original image; (c) Classification

results of this set of images by neural network
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Tab.2 Comparison of different classification methods

Classification method  Training set accuracy ~ Validation set accuracy ~ Accuracy ranking  Kappa coefficient ~ Kappa coefficient ranking
Network 97.3% 94.2% 1 0.898 1
MLC 95.3% 91.7% 3 0.851 3
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4 27 B PEFAARLE G, n] AR R 1 o 5l Ak B A S8R AR 2%

R Ao 22 190 248 7 FH ) i iR G BRI o 2%, oK Y

GRS IR BN RE JT o K 1 8 I 25 532 T i 1o 5
i 41 6 1 P B B0 A PR v R AR R B R R

20220249-7



ISk A2

www.irla.cn

%64

TR GE 22 0B P 25 00 28 4325 7 1 oy P A i i ' 1 %]
B2, BUS T AU A RICR, JFK 7 R0 R
b BT 5328 75 64T TR L o

SESL I, BRI 4% T B K A I R T
B 25 0 ) o SRR R B 1), LR o kG B vl 5k
94%, Kappa Z 5 7] ik 0.898, [tz b, [RIFE & Hh £45
W 45 5325, SR AN ) S 58000 ot 22 ) 46 A, 25 BRSO [) )
NZRAN ISR, FEH T 1 2 190 2% 25 40 S 000 B 22 0
ZRAEHIAT AR KA

AR GEATIRAE — SR, T B DAkt g 38
S 268 7 IR AEIZ A 58 T B B R, (A %
TS0 b SR Y B — MR AHLEE B IR s BURE A
TR e PR, A SE MR AR SR R A T
TRAMAFSE . BeAb, B B AR SRR 5 B bR i i
Z GRS &, B G o 1B SCor N SRR
PR Ak 3 B 1o FH 38 i B 22 i LR i b Bl 2 R
— 25 W RIS R CEE Ty 1]

S 3k

[11 TyoJ S, Goldstein D L, Chenault D B, et al. Review of passive
imaging polarimetry for remote sensing applications [J]. Applied
Optics, 2006, 45(22): 5453-5469.

[21 Tuo H, Shi G, Luo X. Infrared polarization image fusion and
detection system for ship target [J]. Journal of Physics:
Conference Series, 2021, 1802(2): 022070.

[3] Krylov V A, Moser G, Sebastiano Bruno Serpico, et al.
Supervised high-resolution dual-polarization SAR image
classification by finite mixtures and copulas [J]. IEEE Journal
of Selected Topics in Signal Processing, 2011, 5: 554-566.

[4] Wang Fangbin, Sun Fan, Zhu Darong, et al. Metal fatigue
damage assessment based on polarized thermograph [J]. Acta
Optica Sinica, 2020, 40(14): 124-134. (in Chinese)

[5] Wang Xia, Liang Jian'an, Long Huabao, et al. Experimental

[10]

(1]

[12]

[13]

[14]

[15]

20220249-8

study on long wave infrared polarization imaging of typical
background and objectives [J]. Infrared and Laser Engineering,
2016, 45(7): 0704002. (in Chinese)

Zhou Qiangguo, Huang Zhiming, Zhou Wei. Research progress
and application of polarization imaging technology [J]. Infrared
Technology, 2021, 43(9): 817-828. (in Chinese)

Li Yanan, Sun Xiaobing, Mao Yongna, et al. Spectral
polarization characteristic of space target [J]. Infrared and
Laser Engineering, 2012, 41(1): 205-210. (in Chinese)
Ian Goodfellow, Yoshua Benjio, Aaron Courville. Deep
Learning[M]. UK: MIT Press, 2017.

Ergunay S, Wellig P, Leblebici Y, et al. Target detection with
deep learning in polarimetric imaging[C]//Target and
Background Signatures, 2018.

Blin R, Ainouz S, Canu S, et al. Adapted learning for
polarization-based car detection[C]//Fifteenth International
Conference on Quality Control by Artificial Vision, 2019.

Sun Rui. Polarimetric imaging target classification methods and
experiments based on convolutional neural network[D]. Hefei:
University of Science and Technology of China, 2020. (in
Chinese)

Yang Changjiu, Li Shuang, Qiu Zhenwei, et al. Study on image
registration of simultaneous imaging polarization system [J].
Infrared and Laser Engineering, 2013, 42(1): 262-267. (in
Chinese)

Yu Xuelian, Chen Qian, Sui Xiubao, et al. Registration method
of infrared images based on the optimal peak of phase-
correlation criterion [J]. Infirared and Laser Engineering, 2013,
42(9): 2589-2596. (in Chinese)

Kingma D, Adam B J. A method for stochastic optimization [J].
arXiv preprint arXiv, 2014, 1412: 6980.

Zhang Dongyan, Dai Zhen, Xu Xingang, et al. Crop
classification of modern agricultural park based on time-series
Sentinel-2 images [J]. Infrared and Laser Engineering, 2021,

50(5): 20200318 (in Chinese)


https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.3788/IRLA20200318
https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.3788/IRLA20200318
https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.3788/IRLA20200318
https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1364/AO.45.005453
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1088/1742-6596/1802/2/022070
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.1109/JSTSP.2010.2103925
https://doi.org/10.3788/IRLA20200318
https://doi.org/10.3788/IRLA20200318

	0 引　言
	1 偏振多光谱图像数据获取与预处理
	2 神经网络实现
	2.1 训练样本选取
	2.2 神经网络搭建和训练

	3 神经网络分类效果的评价
	3.1 神经网络分类结果
	3.2 分类效果的精度评价

	4 结　论

