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1.1 ShuffleNetV2
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Fig.2 The operation process of channel shuffle
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Table 1 Overall architecture of ShuffleNetV2
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Stage3 232
— 1 7 14X 14
- 2 1 7TX7
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FC — — — — 1 000
FLOPs - - - - 146 M
Weights — — — — 2.3M
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(a) Input image (b) Conventional convolution  (c) Spatial attention module
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Fig.5 SAM heatmap
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Fig.6  The structure of SSPP
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Fig.12 Target detection results of the improved algorithm in different scenarios
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Fig.13 P-R curve (the threshold changed from 0.05 to 0.95)
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Table 2 Accuracy comparison results of different modules

SSPP SAM PAN mAP/ % Speed/FPS
X X X 85.6 52
N X X 90.2 50
N N X 91.5 48
V X NG 93.4 47
N NG NG 94.7 46

£ ERmAP {2 85.6% o WS IN SSPP LS A 8y K T B ARLSZ BF 3 Ay B TR AA A R SCRME
114 mAP 7¢ ShuffleNetV2 B fili FEEFF T 4.6 %6 . 3 702 0] VE B AL HIBL R (SAM) , 48 i 1 M 76 0 5L
(52 S BE 7, 0 T /N RO B AR IR RS, mAP 48 5 T 1.3% o 5 WS IR 1k 1 B 42 R 9 4% (P AN fURFAE
RS, HE A R 1) b R 0 R DR T AR B OB B RS AE A B A 1T URDORS BE B SR TN /N RUEE S AR A4 A
T, A0 e 2 SSPP AL H: , mAP T T 3.2%6 . A UL AE ShuffleNetV2 9 45 il JE il | 2808 34> 77 1 14 24
HE A IR B2 AH H S Al AR AL 4R T T 9.1 90, K B 3K B 46 FPS, W AL SR 0K, 78 4G DA B R b 2k
BT A NIRRT R,
2.5.2 REFEM\mAG T

YT SAR BRI 5 A A 8 23 A S 2% 05 55, I T AR AR E AR ROBE AR B/ B 4 A, K SSDD AR 1Y AR
A H F5 43 R 3 R (Near shore) FIZE I (Open sea) P25, 7€ SSD . YOLOv3™ | YOLOv3-tiny ™'\ YOLOv4™"' |
YOLOvA-tiny ™A SCH 5 F 4 510032 H: i 85 % (Precision) 55 4 71 3R (Recall) , % Fo 58 2 24 5% F A 1) 09 B0ds
R 5 Ak 280, 18 FHAE TmageNet b 19 15 2¢ U1 2k AT R A7 00 25, IR &5 S0 1 36 3 s o

®3 ARKNELRERRSREHE TR

Table 3 Comparison of different detection algorithms in near shore and open sea scenes

Algorithm SSD YOLOv3 YOLOv4 YOLOv3-tiny YOLOv4-tiny Ours
Precision/ % 74.2 75.3 78.4 69.3 72.3 80.6

Near shore
Recall/ % 91.6 92.4 91.5 78.5 83.8 94.3
Precision/ % 87.3 92.3 96.7 87.5 91.2 97.8

Open sea
Recall/ % 93.4 95.4 98.2 83.4 85.6 97.2
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HR A g 1, FURAE R KN B P22 5,/ BARMEAR BT o5 Lo 88 22, SSD B X /I RUBE H s i Af R A1E 4 34
AN 38 43 T BOR I R 85 2% 5 YOLOv3 il HT 0% W 4% 45 74 J& Darknet53 , #E 6 5 F1 43 [n] SR AR 4 Sy $AR  (H 2 KH
P 264 114 % 32 B N A R, X /N L BR REAIE 1 2 20 8 AN 2 B0 /I B RS RS IR AR A s YOLOVA R I TRk 52
Z (5 T M 4% CSPdarknet53, BEA% & U - 5 AU RREAS B, X I8 1 375 50T (9 /0y H AR M A8 0 4G 00 35 R A i, 1B
P63 R 2 2 5 5 M ARURS DN %) 1 6 230 R [l 3 IR T A SO0 8303 s YOLOv3—tiny i 4k 78 T M 4% | FEAE
FRARBUAN TR, I B A 24 RUEE A B0 43 32, 6 K H BRI A E AR 0 A 0 8RB g, /N RUBE S AN H A
M E 7 R 8 25 3 BT R, PO RP 3 s T 09 o B R R A [l AR IR s YOLOvA-tiny (19 T ™ 4%
CSPdarknet53 _tiny 5 #4) 42 4y 17 B, 246 727 Ak MR 2, 0 38 8 3 52 F B9/ H AR AL E 2275 = F S 42 150 /0 H b
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ST O BN [ BE I A I 5 2R DN SSDD H sk BRI % AR HE S 457 S 0 00 R Vi /N B AR AR
PP LAY 7 5, 43 S ] SSD 81 Y OLOv3-tiny 8 FIAS SCEVE SEAT R DU, XoF L8051 BT an 1] 14 Fn ] 15 f
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(a) Ground truth (b) Result of SSD (c) Result of YOLOvV3-tiny (d) Ours

W14 ZRBMAREZHRINE EM L
Fig.14 Comparison of detection algorithms for complex background of near—shore ships

(a) Ground truth (b) Result of SSD (c) Result of YOLOV3-tiny (d) Ours

E15 o/ B AR A AR A I 5 ok X H
Fig.15 Comparison of detection algorithms for small target ships in the open sea
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FERAR, 18] 14(b) i/ H ARSI A A . YOLOv3—tiny 583kt T 2R JH A 4% Ze 45 T — BL R AE 2, 45 4%
Sy i B, FR B T 2 S 0 43 S, /N RUBE B AN BEURR 2 A R R 2 T T — S R RN E AR Y TR A
QAT 1ACe) 7S o A SO 3 ok S 14 2 1) 45 5 B vl A 4R A AR A8 3 B0 HE B 3 T A9 3 SUMR BT EDR 2 RUEE
SFAEREG A S R TR RS2 T R I S A ) VE R L L B TR H AR R E AL RE Ty . AR 14(d)
ARSCEEXS A7 v ity A S R AA H bR BEAS A dAG X — AT B P R 3 AR HES IR B AR — DR AR
Pl 14(b) i1 Co ) A A7 78 AR [R5 T A5 o) B, 43 7 G D DAL = 202 p 1 32 R A 0 55 R &0 A 0 2 AT A S 1, B TR 2
A D B — A AR E bR o G X EE L A SO R R A U D A A SR T AR R I v 0 e G RS AR A R A

0210008-10



TFHEYR S5 ¢ 3O 7 1 e LR T R 5
S U T K
TE 15 %t be g B, &L 15(h) 1 (e) flr s, SSD Bk Al Y OLOv3-tiny 55 325 1 %60 22 v X3 i /N RUEE H
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Table 4 Performance comparison of different detection algorithms

Algorithm Backbone FLOPs Params Speed/FPS  Model size/MB mAP/ %
SSD VGG16 130.9B 99.6 M 28 100 89.3
YOLOV3 Darknet53 156.3 B 246.1 M 26 236 92.3
YOLOv4 CSPDarknet53 128.5B 255.7M 27 244 95.6
YOLOv3-tiny Darknet53 _tiny 5.62B 8.86 M 35 334 90.3
YOLOv4-tiny CSPdarknet53 _tiny 6.96 B 6.06 M 38 22.6 93.8
Ours ShuffleNetV2 1.52B 2.34 M 46 5.3 94.7

P 2 A BT A B T B AR I B AR SCHR Y A e A SATR A AR I BV BE IRUAS AR B R I ARAR . AR
SCRIRAE R A 416 X416 43 BER I LT, B AR Y 77 5532 B i Flops R 1.52 B, Mt YOLOv3-tiny
FYOLOvA-tiny FEAK T3 75% . [RI B 28 19 2 80t 1A 2.34 M, I 25 58 i 22 S5 1 15 A S B
5.3 MB, dE % & & 7288 gh o i B o A RURL R R A B R M RE AR IF SR Sy , 78 AH [R] 43 Bk S i A, BE 68
K 94.7% B mAP, Fb SSD Al YOLOv3-tiny 43 & 5.4 % F13.4 %, H I YOLOvV4{K 0.9% .

F 4, YOLOV3 H1YOLOvA 5 FRAT 55 i A PR 1 G TUORS B, (H i AR R RO A K W 28 S 40 i 4
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Lightweight Synthetic Aperture Radar Ship Detection Algorithm with
Enhanced Receptive Field

WANG Yanni, SUN Xuesong, YU Lixian
(School of Information and Control Engineering, Xi' an University of Architecture and Technology,
Xi'an 710055, China)

Abstract: The marine environment is polluted and the marine ecological environment continues to be
destroyed because of the over—exploitation and utilization of marine resources. Countries around the world
have taken measures to solve the problem. In order to protect the coastal ecological environment, China
has also begun to implement measures to monitor ships in the territorial sea and inshore waters. Ship
detection is the focus of current research. Synthetic aperture radar has been widely used in the field of
marine remote sensing monitoring because of its advantages such as all-time and all-weather monitoring,
which provides strong data guarantee and technical support for multi-scale ship detection. With the
improvement of the algorithm, researchers put more energy on the detection accuracy, while ignoring the
detection speed and landing application of the algorithm. At present, the popular detection algorithms
basically rely on the powerful graphics processing unit, so they can not be deployed in the front line of
ocean monitoring. In order to solve the above problems, a lightweight SAR ship detection algorithm which
can effectively enhance the receptive field is proposed in this paper. Firstly, ShuffleNetV2 is used as the
backbone network. It is helpful to reduce the number of calculation parameters and memory consumption.
Secondly, the improved space pyramid pool module is introduced. It not only expands the receptive field of
the model effectively, but also makes the ship feature information be further mined. Simultaneously, the
spatial attention module is added to enhance the model’s attention to the spatial location information and
improve the target positioning ability. Then, the improved path aggregation network is used to transfer
more abundant ship positioning features from bottom to top. It is helpful to increase the shallow position
information and multi-scale features. Finally, the experimental results on the SAR ship detection dataset
show that the model size is 5.3 MB, the average detection accuracy is 94.7% , and the detection speed is
46 FPS. Compared with the current mainstream detection methods, it has fewer parameters, floating—point
operations and smaller model size. It not only ensures high detection accuracy, but also realizes fast
detection. The deployment verification is carried out based on the mobile phone. The results show that the
ship can be accurately identified under the inshore complex background and offshore small target scene, the
recognition accuracy is 85.7 %, and the test speed is 32 FPS. Compared with the computer equipment with
excellent GPU performance, the detection accuracy and reasoning speed are all reduced, but still meet the
real-time requirements. This method is helpful to transplant to FPGA or embedded mobile devices. It has
great practical application value in real-time maritime safety monitoring and protection of marine ecological
environment.

Key words: SAR; Ship detection; Remote sensing images; Receptive field; Features fusion; Lightweight
network
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