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Fig.2 Structure of EfficientNet and the multi — scale feature pyramid
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Fig.3 Structure of multi —scale feature fusion
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Tab.2 Sizes of shadow targets in Sandia data
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Tab.3 Information of the multi — scale feature

pyramid on the ship dataset ({22 x{%%)
FHIE G T 52 RAFBEE
1 4?
2 8’




2023 4§

<162 - SIS
(2:3%)
FE S FIEER N
3 162
4 322
5 642
6 1282

AWFFEE X Sandia PR HARFEA S 10 2 RUE
R A - P A S R HE S BB A3k 4 o o
%4 Sandia B ERERENZ REFESFENE
Tab.4 Information of the multi — scale feature
pyramid on the Sandia dataset ({2% x{#%)

FRIE T 2R RHseE
1 10?
2 20°
3 402

2.3 HiEiEE

T EBRAU SAR S H TR G 7 53R
F Lee JEH HE A Lee JEPE APELIE P  Kuan JEHE
X Sandia MUAT SAR Z 40 K ffs Fp TR s 4 £ 17 0 0
LM LR 108 5 x50 9 T WA 25 P g 14 g
WROR LB R BT X2 1 — 25 i £, I 6 B
R o LRI AN b 2T IR AR AN TP g
ARG, 4 R AN 7 F7s o ERET AR I, 22
D8 e FRAR RAA AL 5 JEUA KA L B S
ORI AR R, AR T M T TR

6 TEAHZ
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Tab.5 Comparison of the detection results (% )
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Fig.9 Visualization of the ship detection results
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Tab.6 Comparison results of shadow targets detection
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Fig. 10 Visualization of car detection
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results at two timesteps
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Fig.11 A case in which Bi — LSTM finds the missing target
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Fig.12 A sample of our track linking results
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Tab.7 Results of multi — target tracking (%)

BR R MOTA  IDP IDR IDF1

IoU=0.5 73.3  26.1 25.2  25.5

AL + LSTM 90.5 81.9 80.3  8I.1

Ak + Bi - LSTM 91.0 8.1 80.5 81.3
3 ik

AR R 2 Tl T RAE B X SAR PR E AT
FFAESE 5, [F] I AA S 1 ek T 22 RO RRAIE 45 5 35 0T
AFRGT Y SAR FRIEFEATRFAE AL G, E— 48T T
BEXT T SAR MR HARFFIERIB I BE ST AEAG I
BBz, >R H] EfficientDet 9 25 BEAT 1 SCRAAE P2 HR, AE
UG PRI IR JZ I RFAE, I 51 A Bi — LSTM %) 25 X
BRI = A 11 52 28 F AR R A7 e S 1B 118 A A i
Mo L AEHRHBE SAR LAY H PR EEASSE R 19 H br
i 5246 MISE [ Sandia [F 550K 2 1Y SAR A4 H
PIAEAAE R H RSN 5 R ER 5256, e T A TS
BRI AR B 2k 5 T AT A SAR 2 UK H



52

BY %, 5: SETUREEY IO SAR Bl HARKI 5 BRER T 1%

- 165 -

PRI -5 2 H AR ER BRI, BEAT S5 i Tk AiA: , [7)
P i I 20 5 BRI, BAT S AR

£ 2% Lk ( References) :

(1]

[10]

[11]

[12]

[13]

Wells L, Sorensen K, Doerry A, et al. Developments in SAR and
TFSAR systems and technologies at Sandia National Laboratories
[ C]//Aerospace Conference. IEEE,2005.

Wang D, Zhu D Y, Liu R. Video SAR high — speed processing
technology based on FPGA[ C]//2019 IEEE MTT - S Internation-
al Microwave Biomedical Conference (IMBioC). IEEE,2019,1:1 -
4.

TN B SAR 8 5 8 HAR BT R BR [T]. ik
41%,2020,9(2) :14.

Ding J S. Focusing algorithms and moving target detection based on
video SAR[ J]. Journal of Radars,2020,9(2) :14.

AL HEE IR, PN R AF — PR T E N R AR BRI Y 5
Wi SAR [E11& CFAR AR 2: [ 1] S8 AR SR , 2014,
29(1):75 -81.

Lin X,Hong J, Sun X, et al. New CFAR ship detection algorithm
based on a daptive back — ground clutter model in wide swath SAR
images[ J ]. Remote Sensing Technology and Application,2014,29
(1):75 -81.

Huang Y, Liu F. Detecting cars in VHR SAR images via semantic
CFAR algorithm[ J]. IEEE Geoscience and Remote Sensing Let-
ters,2016,13(6) :801 - 805.

Kaplan L. M. Improved SAR target detection via extended fractal
features[ J]. IEEE Transactions on Aerospace and Electronic Sys-
tems,2001,37(2) :436 —451.

X 25k 5L T IRV YRR BT SAR ER % H bk
LT, PY2ZeH - RHOR 41k, 2010,37(2) :366 - 373.

Liu D,Zhang G. Special target detection of the SAR image via ex-
ponential wavelet fractal[ J]. Journal of Xidian University,2010,37
(2) :366 -373.

Sommer L, Schmidt N, Schumann A, et al. Search area reduction
Fast — RCNN for fast vehicle detection in large aerial imagery
[C]// 25th 1IEEE International Conference on Image Processing
(ICIP). IEEE,2018 :3054 —-3058.

Li J W,Qu C W,Peng S J. Ship detection in SAR images based on
an improved Faster R — CNN[ C]// 2017 SAR in Big Data Era:
Models, Methods and Applications ( BIGSARDATA ). IEEE,
2017.

Jiang S,Zhu M, He Y, et al. Ship detection with SAR based on
YOLO[ C]// IGARSS 2020 IEEE International Geoscience and
Remote Sensing Symposium. IEEE ;2020.

Kang M, Ji K, Leng X, et al. Contextual region — based convolution-
al neural network with multilayer fusion for SAR ship detection
[J]. Remote Sensing,2017,9(8) :860.

Wang R,Xu F,Pei J,et al. An improved Faster R — CNN based on
MSER decision criterion for SAR image ship detection in harbor
[C]// IGARSS 2019 IEEE International Geoscience and Remote
Sensing Symposium. IEEE ;2019 :1322 - 1325.

An Q,Pan Z X, Liu L, et al. DRBox — v2; An improved detector
with rotatable boxes for target detection in SAR images[ J ]. IEEE

Transactions on Geoscience and Remote Sensing,2019,57(11) .

[14]

[15]

[16]

[17]

[18]

[19]

[21]

[22]

[23]

[24]

[25]

[26]

[28]

8333 -8349.

i MR, =R BB N T SAR H brAe il
[J]. HiRGE A ,2018,58 (11) :1244 —1251.

Zhang Y,Zhu W G, Wu X. Target detection based on fully convolu-
tional neural network for SAR images[ J |. Telecommunication En-
gineering 2018 ,58 (11) ;1244 - 1251.

Wang H,Chen Z S,Zheng S C. Preliminary research of low — RCS
moving target detection based on Ka — band video SAR[J]. IEEE
Geoscience and Remote Sensing Letters,2017,14(6) :811 —815.

Zhang Y, Yang S Y,Li H B, et al. Shadow tracking of moving target
based on CNN for video SAR system[ C]// IGARSS 2018 IEEE
International Geoscience and Remote Sensing Symposium. IEEE,
20184399 —4402.

Xu Z H,Zhang Y,Li H B, et al. A new shadow tracking method to
locate the moving target in SAR imagery based on KCF[ C]// In-
ternational Conference in Communications, Signal Processing, and
Systems. Springer,2017 ;2661 —2669.

Liang Z H, Liang C J, Zhang Y, et al. Tracking of moving target
based on SiamMask for video SAR system[ C ]// 2019 IEEE Inter-
national Conference on Signal, Information and Data Processing.

IEEE,2019:1 - 4.

Zhang Y,Zhu D Y, Yu X, et al, Approach to moving targets shadow
detection for video SAR[ J]. Journal of Electronics and Information
Technology 39(9) :2197 —2202

Henke D,Magnard C, Frioud M, et al. Moving — target tracking in
single — channel wide — beam SAR[ J]. IEEE Transactions on Geo-
science and Remote Sensing,2012,50(11) 4735 —4747.

Henke D, Dominguez E M, Small D, et al. Moving target tracking in
single — and multichannel SAR[ J]. IEEE Transactions on Geosci-
ence and Remote Sensing,2015,53(6) :3146 —3159.

Ding J,Wen L,Zhong C,et al. Video SAR moving target indication
using deep neural network [ J]. IEEE Transactions on Geoscience
and Remote Sensing,2020,58(10) ;7194 —7204.

Zhao B,Han Y, Wang H, et al. Robust shadow tracking for video
SAR[J]. IEEE Geoscience and Remote Sensing Letters,2021,18
(5):821 -825.

il 54, B 2%, TRB,5F. —F A E L SAR 30 H AR 5
K 55 BRERACFR VR )] T 515 B4k ,2022,44 .1 -9.

He Z H,Chen X, Yu C R, et al. A robust moving target shadow de-
tection and tracking method for VideoSAR[ J]. Journal of Electron-
ics and Information Technology,2022 ,44 .1 -9.

XU, 5 1) BH . 35874 i (vl 18] B8 77 51 SAR 14012 Sl ER
EETELT ] I ERREBER 24,2021 ,38(5) < 7.

Liu Y J,Qi X Y. Moving ship tracking method based on long time
interval sequential SAR images[ J]. Journal of University of Chi-
nese Academy of Sciences,2021,38(5) .7.

Bl 3. FET B SAR £ HARMER Ir ik ar s [ D]. ks :
TR 2021

Hu Y. Research on shadow — based SAR multi - target tracking
method[ D]. Chengdu: University of Electronic Science and Tech-
nology of China,2021.

Lin T Y, Dollar P,Girshick R ,et al. Feature pyramid networks for
object detection[ C]// 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR).IEEE 2017936 —944.

Tan M,Pang R ,Le Q V. EfficientDet ; Scalable and efficient object



- 166 - B % OB oE R 2023 4E

detection[ C]// 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).IEEE,2020.10778 - 10787.

VideoSAR moving target detection and tracking
algorithm based on deep learning

QIU Lei'?, ZHANG Xuezhi*, HAO Dawei’
(1. Ordnance Enginnering College, Naval University of Engineering, Wuhan 430033, China; 2. Ordnance
NCO Academy, Army Engineering University of PLA, Wuhan 430075, China)

Abstract: The video synthetic aperture radar ( VideoSAR) technology is widely used in military reconnaissance,
geological exploration, and disaster prediction, among other fields. Owing to multiple interference factors in SAR
videos, such as speckle noise, specular reflection, and overlay effect, moving targets are easily mixed with
background or other targets. Therefore, this study proposed an effective VideoSAR target detection and tracking
algorithm. Firstly, several features of VideoSAR were extracted to construct multichannel feature maps. Then,
deeper features were extracted using the improved lightweight EfficientDet network, thus improving the accuracy of
SAR target detection while considering algorithm efficiency. Finally, the trajectory association strategy based on
bounding boxes was employed to associate the same target in VideoSAR. The experimental results show that the
method proposed in this study is effective for SAR shadow target detection and tracking.

Keywords: VideoSAR; feature enhancement; target detection; deep learning; feature pyramid network; multi —
target tracking
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