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Abstract: The traditional deep learning-based Polarimetric Synthetic Aperture Radar (PolSAR) feature classification method
extracts image local features by stacking convolutional layers, which makes it difficult to establish long-range dependencies. It is not-
ed that Transformer, a deep learning model based on a self-attention mechanism that captures global pixel-to-pixel correlations, has
achieved success in image classification tasks. Meanwhile, the PolSAR feature classification task has demonstrated better classifica-
tion results in the complex domain compared to the real domain. Therefore, Transformer is introduced into the complex domain, and
a hybrid model of Transformer and Unet based on the complex domain (CT-Unet) is proposed for PoISAR feature classification.
This model combines Transformer with CNN for feature extraction on PoISAR data of complex type. The experimental results of
PoISAR feature classification using the Xi'an dataset and German dataset show that the proposed model can effectively improve the
accuracy of PolSAR feature classification. Transformer is expected to make up for the shortcomings of convolutional neural net-
works in the PoISAR feature classification task.
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Fig. 3 The classification results of the Xi'an dataset
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Table 1 The classification accuracy of the Xi'an dataset

FCN Unet TF-CVFCN R 1 HRRY 2 CT-Unet

L 0.9715 0.984 7 0.989 9 0.969 1 0.984 9 0.991 7

Ik 0.963 9 0.950 1 0.974 2 0.982 2 0.978 3 0.988 9

bapi 0.926 8 0.958 5 0.968 9 0.956 2 0.969 4 0.977 3

OA 0.962 1 0.968 5 0.981 1 0.971 8 0.980 2 0.988 5

MIou 09133 0.932 1 0.956 5 0.940 5 0.956 4 0.972 4

Kappa 0.9310 0.946 6 0.966 4 0.953 8 0.966 3 0.978 9
GFLOPs 0.023 6 0.0327 0.084 0 420.655 1 437.2237 1545.490 7
Params 11 849 740 10 898 480 42 153 928 15400 480 15 505 746 27813 130
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Table 2 The classification accuracy of the Germany dataset.

FCN Unet TF-CVFCN R 1 FEH 2 CT-Unet

HAX 0.906 8 0.923 0 0.9750 09328 0.955 2 0.984 4

HRIX 0.939 8 0.973 7 0.967 7 0.970 4 0.980 9 0.962 9

FEHCIX. 0.9814 0.989 0 0.986 0 0.992 5 0.988 1 0.991 2

OA 0.9549 0.969 6 0.979 8 0.973 4 0.978 5 0.984 2

Milou 0.8918 0.926 8 0.953 7 0.9328 0.9509 0.960 1

Kappa 0.9140 0.942 8 0.964 3 0.947 8 0.962 1 0.969 3
GFLOPs 0.033 4 0.045 7 0.090 1 2891.865 6 3005.774 4 25 403.761 3
Params 11 849 740 10 898 480 42153928 15 400 480 15 505 746 27813 130




2024 4F 5 A E N E E 41 -
Rk 3 47(8): 2714-2721.
[5] SHARIF M, ATTARCHI S. Estimation of hyrcanian fore-
3 zﬁ;ﬁiﬁ sts coverage using ALOS PALSAR and MODIS satellite
A 4R T — Fh PoISAR M%) 43 2 4 7 CT- data (2007—2017) [J]. Advances in Space Research,
Unet, ZBLEISCILT 72 5B LA Transformer 55 [6] i(;i‘;é3g)Tf§g3]? BAN Y, et al. Unsupervised polari-
Unet tH45 & 25T PoISAR ¥ 43 25455 A T 784% Cen ’ e
o . . metric SAR urban area classification based on model-
HEIRPOISAR R HUAT A5 B, Ff Transformer based decomposition with cross scattering[J]. ISPRS Jour-
TR R AR BRI (R B, T RAMEA E R nal of Photogrammetry and Remote Sensing, 2016, 116:
WG B B F BT, TP A 4 R E B . Unet 3@ 86-100.
o FC A G- a5 A PR AL 2 ROBE M RRIE , B (7] XUR . /NREZK PoISAR [R5 M 49 43 26 5 R BT X [D]. 74
W =38 45 B A BUHPE B PoISAR EIE AR . 4R L PR TR, 2018
Z ROE BEE, M = PolSAR Hi 4 43 25 (Y 4 [8] PARIKH H, PATEL S, PATEL V. Classification of SAR

FE o MSCIR A R AT LI . P de th AR i oy 2
ROR AR T WL B - A . Bl T2k A
FERE LA R BT 5, AR SCHR H AR Y B
ECNCRINE S e SIDI RIS S LR (BN
SN XN L B O T S R i AR A

S0k
I, 2R, EA A, AR O E TR M I R R A
T4 SRy BR B figk tR D7 VR WIHR[T]. 38 I 3E 452, 2015, 36(5):
62-67.
YE Hui, LI Bo, WANG Jinhua, et al. Preliminary explora-

tion of a new method for image data testing of optical sat-

(1]

ellites[J]. Journal of Telemetry, Tracking and Command,
2015, 36(5): 62-67.

M W, dkak b, BE W, 4 . FCN 15 CRF 4545 1 Pol-
SAR 5% 15 50 IX B4 BL[J]. 38 JE A5 &, 2020, 35(3):
44-49.

XIAO Yutong, ZHANG Jixian, HUANG Guoman, et al.
Building area extraction of PolSAR images based on
FCN and CRF[J]. Remote Sensing Information, 2020,
35(3): 44-49.

o2, s, FIEEF, 45 . BT IR RRIE R £ B A Pol-
SAR RAEY) 73 20735 [3]. Al HLAK 2241z, 2017, 48(12):
174-182.

GUO Jiao, WEI Pengliang, ZHOU Zhengshu, et al. Crop

classification method with differential characteristics

(2]

(3]

based on multi-temporal PoISAR images[J]. Transactions
of the Chinese Society for Agricultural Machinery, 2017,
48(12): 174-182.

OH Y, HONG S Y, KIM Y, et al. Polarimetric backscatte-
ring coefficients of flooded rice fields at L-and C-bands:

(4]

Measurements, modeling, and data analysis[J]. IEEE

Transactions on Geoscience and Remote Sensing, 2009,

[9]

[10]

[11]

[12]

[13]

[14]

and PolSAR images using deep learning: A review[J]. In-
ternational Journal of Image and Data Fusion, 2020,
11(1): 1-32.
CULY, LIU F, JIAO L, et al. Polarimetric multipath con-
volutional neural network for PolSAR image classifica-
tion[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2021, 60: 1-18.
XIE W, JIAO L, HUA W. Complex-valued multi-scale
fully convolutional network with stacked-dilated convo-
lution for PoISAR image classification[J]. Remote Sen-
sing, 2022, 14(15): 3737.
MULLISSA A G, PERSELLO C, STEIN A. PolSAR-
Net: A deep fully convolutional network for polarimetric
SAR image classification[J]. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sen-
sing, 2019, 12(12): 5300-5309.
HUANG H, LIN L, TONG R, et al. Unet 3+: A full-
scale connected unet for medical image segmenta-
tion[C]//ICASSP 2020-2020 IEEE International Confe-
rence on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2020: 1055-1059.
WANG W, CHEN W, QIU Q, et al. Crossformer++: A
versatile vision transformer hinging on cross-scale atten-
tion[J]. arXiv preprint arXiv:2303.06908, 2023.
DOSOVITSKIY A, BEYER L, KOLESNIKOV A,et al.
An image is worth 16x16 words: Transformers for
image recognition at scale[C]//International Conference
on Learning Representations, 2021. arXiv: 2010.11929.
Wi, SR, BRIEE . £ T 4% 1 45 X Transformer (1 ]
185326051k KA & BIFUG 3 2P T[], BT 515
B4R, 2022, 44: 149,
CHEN Hui, ZHANG Tian, CHEN Runbin. Image classi-
fication method based on lightweight convolutional

transformer and its application in remote sensing[J].



e 42

W EFZE, EFEHIY Transformer-Unet ;& &1 B A PolSAR 493 2

o5 45 5 3

[18]

[19]

[20]

[21]

Journal of Electronics & Information Technology, 2022,
44: 1-9.

ZHANG Z, WANG H, XU F, et al. Complex-valued con-
volutional neural network and its application in polari-
metric SAR image classification[J]. IEEE Transactions
on Geoscience and Remote Sensing, 2017, 55(12): 7177-
7188.

YU L, HU Y, XIE X, et al. Complex-valued full convo-
lutional neural network for SAR target classification[J].
IEEE Geoscience and Remote Sensing Letters, 2019
(99): 1-5.

XIE W, SUN H, ZHANG Y, et al. Polsar image classifi-
cation via transfer learning and fully convolutional net-
work[C]//IGARSS 2023-2023 IEEE International Geo-
science and Remote Sensing Symposium. IEEE, 2023:
8026-8029.

ZIeRE, RIERR, MG, 55 T (B B 4 I 26
A RS VE BB AL SAR 1555 Wi B 7 2K 05 1 0], Rk
2, 2020, 9(3): 525-538.

QIN Xianxiang, YU Wangsheng, WANG Peng, et al.
Weakly supervised classification of PolSAR images
based on sample refinement with complex-valued convo-
lutional neural network[J]. Journal of Radars, 2020,
9(3): 525-538.

TLEEW, ZR s ar, sk ER . SO B A 2 I 2% 15113
IYZETTHET]. LTI, 2020, 48(9): 1729-1734.
JIANG Zetao, QIN lJiaqi, ZHANG Shaoqin. Parame-
terized pooling convolution neural network for image
classification[J]. Acta Electronica Sinica, 2020, 48(9):
1729-1734.

R, BIRESF, BUACEE, 55 . 1T CNNBEBY {5 3 26
T 55 14 e RCHENE BRUERL (D). 2040 5 B0 TR, 2022,

[22]

[24]

[25]

51(3): 483-491.

DU Shengjie, JIA Xiaofen, HUANG Yourui, et al. High
efficient activation function design for CNN model
image classification task[J]. Infrared and Laser Engi-
neering, 2022, 51(3): 483-491.

SRS, BRI, 4R . JE T 3D 45 B 2 [ 25 1 Pol-
SAR EMGORE 4 43 25 [1]. £14 506 TFE, 2018, 47(7):
7-14.

ZHANG Lamei, CHEN Zexi, ZOU Bin. Fine classifica-
tion of polarimetric SAR images based on 3D convolu-
tional neural network[J]. Infrared and Laser Enginee-
ring, 2018, 47(7): 7-14.

HAN K, WANG Y, CHEN H, et al. A survey on vision
transformer[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2023, 45(1): 87-110.

LOUY, KIMY, ZYL ]V, et al. The NASA/JPL airborne
synthetic aperture radar's 1996 pacRim deployment[C]//
International Geoscience and Remote Sensing Sympo-
sium. IEEE, 1997. DOI:10.1109/IGARSS.1997.606460.
VAN ZYL J, CARANDE R, LOU Y, et al. The NASA/
JPL three-frequency polarimetric AIRSAR system[C]//
IGARSS'92 International Geoscience and Remote Sen-
sing Symposium. IEEE, 1992, 1: 649-651.

[1E# B A

W x
K35 M
R
HEA

1989 4 |
1998 4 |
1997 54,
1999 4 4 ,

BlHAT, MEEFIT,
AT AE
e o
LR

(ALsm#t: 15 &)





