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Abstract: The automatic detection of vehicles over urban areas is studied based on airborne
decimeter resolution polarimetric Synthetic Aperture Radar(SAR) data. Urban areas are characterized by
complex ground objects, which makes the detection of vehicles particularly challenging. Firstly, several
classes of polarization information are extracted, including those from Freeman-Durden decomposition,
Polarization Whitening Filter(PWF) and similarity parameters. Then, deep convolutional neural network
algorithm is adopted to classify vehicle targets and other objects to realize the detection of vehicle targets
in urban areas. Using experiments based on airborne decimeter resolution polarimetric SAR data, high
detection rate under low false alarm rate can be obtained, demonstrating the effectiveness of the proposed
method. When the three polarization characteristics are combined, the detection rate of 95.65% can be
reached when the false alarm rate is 2.82%.
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Fig.1 Examples of polarization information extraction
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Fig.3 Dataset of the vehicle detection experiments
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Tablel Detection rate and false alarm rate based on three kinds of polarization information extraction methods

polarization information extraction methods detection rate false alarm rate
original data 0.958 32 0.022 48
joint polarization information 0.956 54 0.028 17
Freeman—Durden decomposition 0.845 15 0.13563
similarity parameter 0.917 38 0.051 39
Polarization Whitening Filter 0.940 51 0.680 56

4 it

AR SO o B A SAR PRIAR S T DX 25 42 00 H AR 9 A s I BEAT 1TSS R 3 AR R A A B AR O Ik
52 JRURE 2 WAL R AR $ I, R T8 88 2 AR 22 o0 2% A Oy A 0 4% LA S B A FL AR A O o R, R ML B O Ak
SAR ByEfE bty TSR IRE . LIRSS R RN, Wi 4lE 3 MORILAE R, %05 1 RE B A D 0 i T DI o 5
Yoo R B R 4 s W R S W 5 T B0, 7R B R B SRR D BE AR B A I R, R — R A ALY L R
RSR A 4205 AR A s 7 vk o il TR X e W B A 2 AR R e T A B ST A DR TR b Ay Y R
PP, o TR B SAR RGUHY AR RE AL, IR T REAE X R B0 T SE B A H AR AN . AR R AT LTT
JRE 24 F AR AE I i~ G O R RO ARSI DT A 5

S & Uk

[1] LEITLOFF J,HINZ S,STILLA U. Vehicle detection in very high resolution satellite images of city areas[J]. IEEE
Transactions on Geoscience and Remote Sensing, 2010,48(7):2795-2806.

[2] MORANDUZZO T,MELGANI F. Detecting cars in UAV images with a catalog-based approach[]J]. IEEE Transactions on
Geoscience and Remote Sensing, 2014,52(10):6356-6367.

[3] X3k, #BE2HE% SAR FMG 45 B AR [D]. 79 % 78 % B T FBH4% K2, 2015, (LIU Da. Vehicle target detection in
very high resolution SAR imagery[D]. Xi’an,Shaanxi,China:Xidian University, 2015.)

(4] ZPE. JETREICEAY &5 PR SAR R HARK I [D]. 05 /R W R Tl K%, 2015, (JTANG Bo. A target
detection method in high resolution SAR image based on CBM[D]. Harbin,Heilongjiang,China:Harbin Institute of Technology,
2015.)

[5] ®&%. BT LI JE% B2DPCA % SAR HARFHESR IS RBII]. K#F2ZFE% 5o 5 24, 2013,11(1):105-109.
(ZHAO Hao. SAR target feature extraction and recognition based on L1-norm B2DPCA[J]. Journal of Terahertz Science
and Electronic Information Technology, 2013,11(1):105-109.)

[6] BRI ILIEH.BHOLE. —MZ G2 REB MRS SAR EHEMUM H PR ISk )] Kfk2% R 5 m 15 B %
2, 2017,15(6):972-977. (FAN Qingju,CAI Zhengyi,LENG Xiangguang,et al. A ship detection method from spaceborne
SAR imagery combined with spatial information[J]. Journal of Terahertz Science and Electronic Information Technology,
2017,15(6):972-977.)

[ 7] BEPORITPHE R HOL.AF. ST BUAIBT A SAR USRI I ¥R (D). KBk 22 B2 5 715 Bor i, 2016,14(3):
378-384. (FAN Qingju,JI Kefeng, LENG Xiangguang,et al. A method for SAR ship detection based on block prescreening|]].
Journal of Terahertz Science and Electronic Information Technology, 2016,14(3):378-384.)



608 KMZMESEFEEFR %16 %

[81 T BXOTE, 0T 5. T IR SVM AT m—y 3 19 7 4 A A SAR EHRARAT RS DN (1], Kb 2% Bk 5 i 115 &
%4, 2016,14(4):554-561. (WANG Haibo,ZHAO Yanchen,WANG Hanning,et al. Ship detection in compact polarimetric
SAR imagery based on weighted SVM and m—y decomposition[]]. Journal of Terahertz Science and Electronic Information
Technology, 2016,14(4):554-561.)

[9] FEMAIEH R0, BEE AL SAR ¥ BT B BRI PERE A ()], RBF 22712 5 o 715 522 4. 2017,
15(6):965-971. (WANG Haibo,CAI Zhengyi,LENG Xiangguang,et al. Performance analysis on maritime ship detection
based on spaceborne compact polarimetric SAR[J]. Journal of Terahertz Science and Electronic Information Technology,
2017,15(6):965-971.)

[10] LIU Zhoufeng,PING Qingwei,HE Peikun. An improved algorithm for the detection of vehicle group targets in high-
resolution SAR images[C]// 2002 3rd International Conference on Microwave and Millimeter Wave Technology. Beijing:
IEEE, 2002:572-575.

[11] MAKSYMIUK O,SCHMITT M,BRENNER A R,et al. First investigations on detection of stationary vehicles in airborn
decimeter resolution SAR data by supervised learning[C]// 2012 IEEE International Geoscience and Remote Sensing
Symposium. Munich,Germany:IEEE, 2012:3584-3587.

[12] KRIZHEVSKY A,SUTSKEVER I,HINTON G E. ImageNet classification with deep convolution neural networks[J].
Communications of the ACM, 2017,60(6):84-90.

[13] FREEMAN A,DURDAN S L. A three-component scattering model for polarimetric SAR data[]J]. IEEE Transactions on
Geoscience and Remote Sensing, 1998,36(3):963-973.

[14] NOVAK L M,BURL M C. Optimal speckle reduction in polarimetric SAR imagery[J]. IEEE Transactions on Aerospace and
Electronic Systems, 1990,26(2):293-305.

[15] YANG Jian,PENG Yingning,LIN Shiming. Similarity between two scattering matrices[]J]. Electronics Letters, 2001,37(3):

193-194.
fEE T
BELA986-), H, LTEBMAAN, BR #1(1990-), B, #WdbHEXH A, 7
s Lot A, EEHEE ik SAR Hiw ﬁ@iﬁﬁ%i FEHE 50 ik SAR H
¥ .email:gaojs15@mails.tsinghua.edu.cn. T Ao 5 43 28100

MEF(1993-), B, WiHEEHH A, £
iif@ﬂiﬁ%tt EEMGE 0 AL SAR H

BER(1983-), &, BRITHLAEWHTA, Hl, ®# A 5 4 24 30
B, FEWFIE T I R w IS AL N A S e L Ak A AL
Bk B R . BMEArE) . SRR G L R RS ER % fE1965-), B, WAtEEMET A, #
BeAEfe i, B, WA ST, EEHS s
S AN E 3 Ry R BN



