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BT it YOLOvS ARAAZ RE SAR Bl R M B A
BER, R, REE, TA¥

(T 5% S HL 2 BT 0 4 30 1R 1 R B a0 AR BT 58 b, B 5T 210003)

 E: A A &% % T A 3L#EF & (Synthetic aperture radar, SAR) @‘f?—ﬁ”ﬁé AAREZ RE 27K
Fofs Al F R HEF) 2 R B AT R A A P AL, R B — AP T B YOLOVS 89 A5 A0 % ROE SAR B4 m) ik
T YOLOVS 69 21 38 B 45, R A 6] 45 44 F 3% 45 #) (Bi-directional feature pyram1d network, BiFPN)
BRI MG % REFIERRSRA ,FELE T LegdFiEdkd L% P, K FTRETH B A M (Depthwise
separable convolution, DSC)#=id i& MLP # # EC-MLP(Enhanced channel-MLP) 43 , ) fy F 7 #& X A5
4 ,;}x/iiiiﬁ/\ A5 A0 B AR £ T U AR 5N A B iR & 1 ALE (Global attention mechanism, GAM) , &
ﬁ'im N A JE AT A 2SR IR SE R SE R Y R 40945 8 & K b sk 5 R SToU ik & ik — F R G
%00 DI o Sk E AR M AE S, A2 SSDD A= HRSID # 4% % £ 5 H 46 8 4+ 7 ik (Faster R-CNN, Libra
R-CNN FCOS.YOLOvV5s.PP-YOLOv2,YOLOX-s.PP-YOLOE-s = YOLOv7-tiny) ¥ 47 2 }b 5% %
TR EF KRB EHE A SSDD # 4% % ey APS0:.£ 3] T 96.7% , 2 HRSID # 4% %&£ £ APS0#£ 3] T
95.6%0 , 4 T 2 oo ik,
KPR & MALETE M B AR R R AR TR % BT 4 B KA &k iz & ) LA
FESES: TP753 Xk ERERD A

Multi-scale SAR Image Detection Algorithm for Ships Based on Improved YOLOvVS

LI Shenghui, LI Xiaofei, SONG Zhanghan, WANG Bixiang

(Engineering Research Center of the Ministry of Education for Broadband Wireless Communication Technology, Nanjing University

of Posts and Telecommunications, Nanjing 210003, China)

Abstract: An multi-scale synthetic aperture radar (SAR) image detection algorithm for ships based on
improved YOLOV5 is proposed to address the large pixel scale difference of ship targets in complex scenes
and missed detection caused by dense array of ships. For the neck network of YOLOvS5, a bi-directional
feature pyramid network (BiFPN) is adopted to enhance the multi-scale feature fusion ability of the
network, and an enhanced channel-'MLP (EC-MLP) module is constructed based on depthwise separable
convolution (DSC) and channel MLP in its bottom-up feature fusion branch to enrich semantic information
and provide more sufficient ship target context features. The global attention mechanism (GAM) is
introduced to enable the network to extract input features selectively and reduce information reduction. In
addition, the SIoU loss function is used to further improve the training convergence speed and detection
accuracy of the network. Comparative experiments with eight other methods (Faster R-CNN, Libra
R-CNN, FCOS, YOLOv5s, PP-YOLOv2, YOLOX-s, PP-YOLOE-s and YOLOv7-tiny) are
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conducted on SSDD and HRSID datasets. The experimental results show that the AP50 of the improved
algorithm reaches 96.7% on SSDD and 95.6% on HRSID, which is superior to the comparison methods.
Key words: synthetic aperture radar (SAR); ship target detection; bi-directional feature pyramid network

(BiFPN); depthwise separable convolution (DSC); global attention mechanism (GAM)
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P AR E AR RS DU AE R A B R I O B RUR R E R GEAE TN . A RALRE RS
(Synthetic aperture radar, SAR) J&—F /& 43 B2 | 58 I 237 19 A7 VR T 0 A% B s, iR R 2 AR I 2 5
W L/ BT K RN AR R M R A SR Bl S T R, I A
TerraSAR-X | Sentinel-1 fil Gaofen-3 % SAR 112 1 s T & %), SAR G F AR B An A & skoh tit A5E
Bl P9 O BIF S

R GE ) SAR EHEAE AR B ARK I J7 75 K 2 % HTEMG 40 8 T TAFAE SR M5 F 8K T 400, JF B
T S A, am /0 9 728 dote Fg A 00 g vk R T o TR L (Y XSS CFAR VH B3R 45 0 Aok, 45 UM 48 I 2%
(Convolutional neural networks, CNN) P JH 58 1 F5AE $2 HCRE 7 , 76 7 FAL L 58 0 15 21 1 i &k e .
H T, 5T CNN @R Jy 2 7T Lh 43 S P 28 - B Be A A 00 535 2 F0OBU B B B s G 0 B8 12 o 3L B H
K6 0 38 32 40 Faster RFCNN™  R-FCN/RI Libra R-CNN"4% 38 iof 412 BB 24 X 580K 3515 557 9 46 kS
JE AE G P8 R 8 B i LA S I A I 1 5 SR o BRI B b A T Bk T R A R Oy i, R T
PG b AT %5 B2 R AR T H AR AT A, A B8 RO R DXl 1 2ok 2 AR P53 YOLO(You only
look once)"* \FCOS(Fully convolutional one-stage object detection) ™45, Hrr, L) YOLO &% R L %KM
AL B BRI B DRGSR ORI R R R A5 B T

Bt N TR BE Y R, ORI 22 19 27 K T H LA B U H AR A 38 5 LA B SAR B A AR H
FRAEIAT 5 b o (B 5528 G0 h R TR, SAR BEME h AR AR B AR 1Y S0 45 8RTGT FE BE {5 B
55, 0 ELIA A A0 pAG FCAR 55 A8, S R P DR ECARG 0 e 3 TR, SCHR [ 81 R A T 48 — A IR SAR
PR AR AR A £ 45 42 (SSDD) |, I 42 1 1 — Fb B T i ik Faster R-CNN 19 SAR EIHE A B 46 I 7
oo SCHRLOJE I T — B i REAE 4 7 3 0 4 e e IX 3 A 2 T 2% L B 22 900 T 2t e 0 19 2% =388 4 A B 7
SAR EIG AR E Ar A D0 190 25, (EL G 00 28 25 0 5 2, A 0 3 88 e 48 o SCiR[ 10 el R R B2 43 B8 5 AR YO -
LO 2% Hp (1) J50 U6 A5 BUIEA T 85 R 0 0 R 245 S 800, 9 45 6 1 8 AU 2E — 25 8 v A0 1B s %0 A6 00 S
SCHRLLL ISP 2 20 g ) 5, 35 T Darknet-53 FRRAE 42 75 S5 A0 48 1 T — B AT LUAE 3 2 37 5% 52 IR AR
e AR E ARSI A B v, AELATS I ok Wit R S o A O ) 5 3K

SAR FG A B A Z R A [ B BAR 50 BER I 2Z A [ 280 A ROSF A A ) 3t 5 3R] — B
R AR B bR Y R KA Z R /MBI BURE 2200 TR o DRt A0 el 7 DR AR R ORGP A 14 )
B, A 2550 5 8 X 2% ) 22 OB AR K  68 70 15 SAR RS AR B B AS I B9 — A~ e, SCiik[ 12 18 &
FRHE AL R 28 A 8 ROBE AN B BR 9 b 28 RRAE , F 1T B2 T I 45 1 22 ROBEAS I 8 77 o STk [ 13 51
FEOE RGP B T 2 40 34 R B HOR B8 s AN W) RUBE (9 8% 32 BT, RE AE 1 5 i SCA L 0% Tl B 4 i /N RS
AR B A DU RE T o SCRRL 14 0 T3 % 2 20 1T 2 A Y0 HE A 12 3 /I8 AR A A A9 f A 000 2 R, O et 1D DI i A
U AE > BT 4 b 3 1 22 ROBEAR AN H Ax o B AR TR B2 5 2 19 SAR AR AN H AR A I 7 25 AR HUAs 14 AN BB
H R B8 225 SAR BZ A9y B b e A RO 22 50k, B EHES) , AH L It H A 58 A,
AL SH A 000 P REATS AT AR R4 T2 1]
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1 YOLOvS & i

YOLOVS W45 43 2 T R0 2% 2003510 0 265 A 300 P 285 3 A58 43, M3 8 0 2% 2 50 0% TR %8 AR AIE 6] 9 )38 T
P s om JUFT x POAS RRAS o Sk 1 36 A2 A 00 38 8 R 9 4 7 L A SCE FH YOLOVSs /R i iy e sk . B
55, K F AL 1) 4 1iF 43 7 85 45 #9 ( Bi-directional feature pyramid network, BIFPN)""/ 3k # T} ¥ 2% & K Jif 45
fERLA BE ), JFAE B R 7 b B AR AE Fl 5 S rh N AR SO S Y B T IR B T 3 89 48 R (Depthwise separa-
ble convolution, DSC)" 13 i MLP"Y#4 2 1) EC-MLP (Enhanced channel-MLP) i Ht 3 $2 7} 3 i 4
BE TR A5 B A8 EL, #E R O B L, i 4 )R i B 7 BLI (Global attention mechanism,
GAM) 35 Wy 19 45 6 05 S 10 i AR A0F 3E 4738 B, O 4 45 A R ) RUBEE R A9 B AR RAE 5 B L i
SToU ™ 45 2k v 50 % 1 0 AE 1 ST HE B4 A B A DC e 1) B30, 1 — A0 3L v IR0 4% ) e S0k 8 A K T . ke
HE W 28 S5 A8 1R 1 7
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Fig.1 Architecture of improved network model
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1.1 SAR 0 48 B it

YOLOVS B 3538 [ 2% fdi ]} 4% 58 45 M 4% (Path aggregation network, PANet) " 3 £7 45 fiF £ I K% fil
G R AN EAE BT 09X R AR RS 7 H TR 20 PR SAR EHR TR RN 22 5 KL OF B
AT B RE U R OB AR AR RS S 2 TR R R R R A T 2 0 R AR A AR AR T R DUORS B
BiF PN J& — 0] RRAE 4 5 35 0 28 5[] — )2 1) i ARV 1 39 0 0E AT B9 22 4 A SRR IR AR BTE 1 )2
FIMIG )2 22 (0] 4% 3 ) B 4%, DL SE B0 3 J2 A AR AR AL 5

A SCH ] BIFPN 58 K Y 22 RO RRAE R& BE 1, 25 B8 HCrp A InASURe A 5, L S B0 0 0 2% 8 e A
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TERL AL b, 72 SR M 2% 3 R LAY RRAE fl A S B B 4 EC-MLP e (WL 1), 3 5 S50 B B
R SCERAE . EC-MLP B i) 5 ¥ 1 18 2 FF 7 o
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K2 EC-MLP#He51 E
Fig.2 Structure of the proposed EC-MLP module

EC-MLP F % i EE M 432 E R DSC FEIE MLP B A B Ay L, EARPAT IR AR b - 1 S 5 A kR
fiE X, #4741 99— 1k (Group normalization)" " &b B, # Hi i 2% 3] DSC e v gk — 45 F 518 UE B R G
ot He 3 47 38 3 1 P (Channel shuffle )" 3 /b 45 10F 38 18 15 B 69 53 85, 5% J5 #E 4T DropPath ™ 48 /8 I F1 5%
ZHHATZEICEMM . BRI LIRS

X g = CSDP(DSC(GN(X,,)))+ X, (1)

FH GNE)HHIT—1L,DSC ) HERFZ KN R 1 X TR R 43 B 5L, CSDP (+) 438 18 & Y& Al Drop-
Path #21F .

FEF ok X ARRE X g AT 43— AR AL R SR J5 K i R RR AR 6 21 38 1 MILP A, (i AS ) 3 3 2
FE R 15 B LR . 25, X i H AR AE BE AT DropPath B4R IE Al X MR 22 BT B0 B AN . Eid
SuR INYE Y Ny

X = DP(CMPL(GN( X i)+ X (2)

A CMPL () 7R 8 1 MLP,DP(+) %75 DropPath 1 .

DSC R B BRI 45 B B, AR 488 T 38538 5 A, DSC BE % 726 38 BURRIE IR 2 IRE UAF B
F ) st 9 2 2 B0 A, (2 DSC & 7E 3 B ad B vp (i AR BB R B8 . 8 T i He X A [a)
U, AR SCE X DSC i H R AR 2E A7 G TR e sk AT et an i 3(a) TR o dliE MLP A 2
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7 Jili 3t 55 T 0 R 3, DRI I A 9000 10 24 A i 5 | B 4 JR T T 0 AL G AMIASE B, T DL fe A6 7 O 4 Ml 45 5
AR ROEE TR /9 EE AR AR, 5 Bly 16 28 B G 3t 5C 13 3] 42 Jag SO R IX B8
GAM 16 U b 5 A 19 2 4 Jag 1 38 3 2 [B) 09 25 48 3 R AE OC 28, 305 Bl 19 465 2 B OG S Ay AR AIE 3 47
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A 2 e S L P I
LA B4 2 I AT REAE 11220 T 5
L3012 1)) 65 4 2T T
96 FLR T PR 2 5 BORHE L 55 00 . G AME300 380V B B of P = 403 e £
R 25 5 2 8.8 U2 ML 35 0 125 ) 5 2 9 0 3 2 )2 0 T8 8 1
T AN BUZ AR A CBAM A S5 3  RAE BAR M T BP0 K 05 0 P £ 450
B R B AE 8 . GAM BT B T
F,=M.(F)®F, (3)
F,=M.(F,)®F, (4)
R Py AP P, 450 45 O P8 M, R 0 B3 DL M, 2% W R 0B @ %
IR
GAM B P4V R 9 BT B0 LB A 25 TRt + (L) R0y B 5 B . i e 4
C X W< HI S A it = A5 B 07 3k B WX H X C S5 i U2 ML 3 8 ] 24 15 03
73 2 1 AR L 5503 - Sigmoid W 0 A9 TE 8 0 M (2) % 10 25 BN 4] 6 9 5 .
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Fig.4 Structure of the GAM module
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Fig.5 Channel attention mechanism
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Fig.6  Spatial attention mechanism
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2.1 EWIRE

Wi 4 4544 3 T Pytorch1.9.0 # 8, 4 #2158 5 & Python3.8, i Jil 9 ¥/ £ 48 8 Ubuntu 18.04 LTS, fii
JACUDATL0.2 f1 CUDNNY7.6.5 M Y 25, 8K 0 B A7 24 GB ) GeForce RTX 2080T i, 7 M fill 512 5 F1 %
Pz g ep R AN Bl SRR B 72 2 LA LU B BE LI 43 o 76 I 265 3 hoiod A2 v s SGD P Ak 45 X5 19 2% 2850
PEAT T, SR S 8% 0.9, & A Byt b 3 B batchsize 34 32, Y11 25 1% AR 8 Epoch % 4 400, #5#
WItH 2 2] % 0.01, Fe 2% 2] 30 0.002, IR A i 20 458 10 i A& R R /NE 2Ry 640 X640,

1 @ = arcsin 2% 7 HL S HE T

K7 sk
Fig.7 Angle cost
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2.2 HURE®AN
PEFE T HRSID " HI SSDD' H A4~ SAR M 845 4 5 56 11 e i Y OLOv5s 31k 5 A Zobe , 54> $ 4
SR FE A A AN H AR BT i MRS R A R E e BRER BIAS BnE 1R .

%1 SSDDFIHRSIDHiFESHER
Table 1 Parameters about SSDD and HRSID datasets

s 4R HRSID SSDD
etk HH,HV,VV HH,HV,VV,VH
P4 B 5 604 1160
P A AR 16 956 2551
KEENAN 800X 800 500X 500 %5 £ fil K~

Gy HER/m 0.5,1,3 1~15

Small 9 242 1529
AR RS Fi AR E A 4 2 Medium 7 388 935
Large 321 76

SSDD %48 5 2 5% — > T SAR AR H b5 A 0 1) T KO 48, B 19 SAR 50K A RadarSat-2 T2
A TerraSAR-X TR LUK Sentinel-1 TR , SSDD $fli 4 © 287712 I T SAR AR B A5 4% 30 19 6F 52 v
SSDD %l S 3647 1 160 I R (1045 2 551 A HARSE 41, SAR IR 2 RV H 9 1~15 m, BRI
<FEE N 500 X 500 18 % .

HRSID #4419 E Rk [ Sentinel-1 T2 il TerraSAR-X T A , & i) SAR EIZ 4> ¥ R 43 51 K
0.5.1 A1 3 mo HRSID ¥ ¥ 347 5 604 15 K 4% (445 16 965 i A3 H A5 L 61, B R/ B9 R 3R K/
800 X 800, 15 SSDD il 4 AH Lt , HRSTD % dfs 4 AT 55 19 0 H 3 R0 = T A9 A A0 H AR S 491
2.3 MR

S ) PE Y 48 AR AL 358 B (Precision) A 81 % (Recall) . -4 & (Average precision, AP) . &% at
(Parameters) . 7% /5 12 5 #% (Giga floating point of operations, GFLOPs) A 5 % #2 15 % (Frames per sec-
ond, FPS). TP(True positives) 3 7~ 8% 1 4 4 M A9 A0 B 5 20 B , FN(False negatives) 2 78 T & (1) iy
i EHARECH ,FP(False positives) 75 JE M H AR BRGS0 H AR 0% o 5 B R 78 BT A §5086 0
A D s 4 G D00 5 2R b T RS 0 I 0 SR AR LA, A [0 3R R TR T i A AR AR S A v e T A T ) £
A E AR EEB, E SCInTE

.. TP

PI‘eClSlOl’lfTP7<FFP (12)
TP

Recall—iTP_’_ N (13)

AP R P(R) YRy L. APS0 7R ToU B {5 4 0.5 (BRI, 224 F5 0 HE 55 3 S HE 19 51 2 X el ik
50 %6 B, mE A Sk 2 A8 I AE 2 1B A 14 B 31 B ST BORS L AP 38R ToU M 0.5 2] 0.95 (19 0.05 [8] & P9 3R 15 19
YR BE R (E, 8 IR

1
AP:J P(R)dR (14)
0

A POR) JoHs JE A0 49 1] 2 26
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2.4 ELWHERSM

FEATT H H 843 BIAE SSDD A HRSID #5045 4 [ it A7 A [a) 250 46 (9 1 Al 52 50, 30 iE AR SO YO~
LOv5s B2 Bk 19 A 2 Ve L SR )5 5 ek 3509k 1 80 R 5 Faster R-CNN  Libra R-CNN™ [ FCOS" [ YO-
LOv5s . PP-YOLOv2™ YOLOX-s'®' PP-YOLOE-s"*' ¥ YOLOv7-tiny"*" #4752 5 % 1t .

Xt 4% MR A AT T S 06 A A 45 SR AN 2 TR . R T ROR I BB B, YOLOvSs A L YO-
LOv5s_B Al YOLOvS5s_C 43 5 2 /8 F F BiIFPN Al EC-MLP A5 e o F i 350355 9 2% 48 i GAM 7 & S HL
il FE F SToU 4512 pR% . AN 3% 2 A S 56 25 SR R LU Y, 290350 000 £6% 15 F 6k SAR A I A A6 0 580 20 A %
J B 2E R (APSOFE SSDD F4EE T 1.2% , 76 HRSID 4258 17 1.1% ), Ji R 2 5135 /9 45 F) F BiFPN
R SCHE 9 EC-MLP B, B2 T4 7 9 4% 1 4 Jm) 17 S8R BE O A 22 RUBE R AE Al & BE L 384 ) F R [
JRUJEE A AP 0 A 0) , A R5 e S T BRE AN E b  AR HE A s A R U A S ) R, R GAM AR
B e 5 Bh I 46 A7 R0k B O HE R A RRAE AT 38 5 42 5 I 45 1 R I k% . SToU 81 2k sRATE ToU 4 2k (BE
R BN |2 7N 7 B2 N =1 /NG 18U 7 W= R 2 1 2 e - 1 S B | el T [
15 bR W SO i A

%2 SSDDFIHRSID##F% FHHEMERER
Table 2 Results of ablation experiments on SSDD and HRSID datasets

. SSDD HRSID

i Y PR I 4% GAM SIoU loss
AP50 AP AP50 AP
YOLOV5s 94.6 67.7 93.2 67.9
YOLOv5s A N/ 95.8 68.4 94.3 68.4
YOLOv5s B N/ J 96.4 68.7 94.8 68.5
YOLOv5s C N/ N N/ 96.7 68.9 95.6 68.7

& 8(a) A& 8(b) 43 5l 2 SSDD I HRSID #4545 [ Il 25 B F0I0 HE Loss (149 K il £k, B A b Sk Il
ZRUREL Epoch, Zh AR BR A T 30 HE 19 Loss $K 8, 7T LLE AR SC 36 46 4 I SToU 5 2k pR 830U W SUPE TR
- HL TN HE 453 2% R B B 2B T /N . B/ 9(a) A 9(b) 43 51 4 7E SSDD A1 HRSID #4045 £ il kit AP
o br i T 2 181, L APS0 38R ToU B 2y 0.5 B X6 R (9 AP, A DL B 30k 19 APSOfE B o 25 I
Jri , 5 YOLOvVSs ik AR L, SR & 35 350 % mR B30 Wie S e Rk 00 T A 23 1 A B AL 1 3R 9 .

55 Aty 8 o B9 1 s e GF LU 25 SR N2 3 TR, P I IR R R S A R A R . AR B AR

0121 — A3 0120 — &I
o.10} YOLOvSs 010k YOLOvSs
0.08F 0.08}F
3 0.06 3 0.06

0.04F 0.04}

0.02f T—— 0.02}
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Epoch Epoch
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8 SSDD il HRSID #udli 4 1 Bl HE Loss T i i £k
Fig.8 Loss decline curves of prediction box on SSDD and HRSID datasets
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1.01
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= —YOLOVS5s — —YOLOVS5s
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0.2f 0.2F
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19 SSDD F1 HRSID %4t 4k 1= AP50 Il 2kl £k
Fig.9 AP50 training curves on SSDD and HRSID datasets
%3 SSDD#I HRSID ##F5 L LE KW ER
Table 3 Comparative experimental results on SSDD and HRSID datasets
» SSDD HRSID
HEE 7Y Params/MB GFLOPs/GB  FPS
P R AP5S0 AP P R AP50 AP
Faster R-=CNN 28.27 272.46 12.6 824 856 92.6 64.9 856 87.2 89.2 67.4
Libra R-CNN 34.34 293.58 11.3 90.8 89.7 934 658 87.2 89.6 90.6 68.1
FCOS 41.12 126.38 32.6 91.2 90.3 92.8 65.2 89.6 88.4 89.3 65.6
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(a) Offshore ship (b) Inshore ship (c) Large ship (d) A dense distribution
of small ships
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Fig.10 Detection results of improved method
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