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A SAR ship detection algorithm based on improved YOLOv4
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Abstract; Under the background of large amount ol data support, how to use a large number of SAR images elliciently
and improve the accuracy of ship target detection is the current problem of ship target detection, This paper focuses on
how o improve the accuracy of YOLOv4 algorithm for SAR ship target detection, and presents a YOLOv4
cnhancement algorithm that combines multiscalc and attention enhancement. The Attention Module (CBAM) is added
to the PANet of the original YOLOv4, and the enhanced K-means clustering algorithm is used to cluster the ship target
real frame in the dataset, and the result of the anchor frame is transformed linearly to make the algorithm anchor frame
more suitable for the training set. Experiments show that the average accuracy (mAP) of the proposed algorithm in
SAR ship detection is 94. 05%, which is 0. 7% higher than that of the original YOLQv4. The experimental results
[ully demonstrate that the proposed algorithm can improve the accuracy ol SAR ship image detection and provide
technical support for the accuracy of sea activities judgment,

Keywords: SAR image;ship detection;deep learning;attention mechanism; K-means

FASE H 11

51

& 1 FL#E T 3A (synthetic aperture radar, SAR)™ & —
3 B RO R R AR AL s BT E AR IR B E F
Brr— o DA T VR A SO B A A T A 2 R R
SAR B 28 % Fe ok, BB 5 A0 68 UL BE ARG I R R4 T 1k
B EAXN BRI SR EHE RINE BEERE T
AL S5 BT R RS, SAR MLAE B nE AT
AR 7y e UK R Rl i

B GE B A B AR T 7 B R R A A R

il

W RS H . 2022-01-19

TR AR DG REAE HE A7 R AR L T B S M B AR A D A
E X BRI R Z AR TR E H AR R A TRt

ZALRE i SRR, MEREZIERNAR A
B, & B & M % (convolutional ncural networks,

CNND S LE S Al B AR A 0 T T A O 38 R 0 |, BB
SAR LA G B9 B 22 39 0, 2k T BE 4 2] B SAR H brfe
H A B 523 A TR BE AR W BT . 200 . 0 AR
225) HAR A W B R KR B Rl oy S R — K 2D
FasterR-CNN" 4y 1 3 iy 1 [ B 190 465 0325 , T B BE I 4% K
A7 R B A TN K E o (LT 57 F9 I T 8 A T T8 A7 T T L

¥ BATH . HRKHAR %4 (62161010,61771266,62066036,619620416) I H % 1)

¢ 120 »



BoO# ¥ T YOLOvA # SAR AU #e il 5 %

11 4

B, I Hoh T P4 4 52 A, R AT S I A 00 1 7 A8 R e
. PR, 5B B 4R B AR, aX 2888 3k DL SSD
(single shot multibox detector, SSD) #l YOLO (you only
look once, YOLOO" ™ RAV B F . HBRETLFT
THELERE M8 22 . 338 O o0 )3 09 77 %k B AR BE AT R .
YOLOvA™™ e[ I 4% BRS B MAL 3R Bk RS T 20 &5
#49, 40 SPP,PANet,CSP &, 7E R IERUCR M9 15 M K AHE T
yolov3 ZEMFEE 13— 48T, SR AT FR T B B AR R A
B —E R T HATR SRR T A ), O T HE—
T BB B e 00 SR 0 R I R A SO A A A R X
YOLOv4 BARK Bk AT B, FRRANEM T o
1 K-means B2 X% YOLOvA FIS5HE 64T T 9% , 1R
T B BENE B S G T AR AR LR AR YOLOv4 s ik = )

Wekte

| SARE%
K1 BERzAkisssr

1.1 BB K-means B H %

E5H YOLOVI BEMATHAE R TREIH GG
TR SAR LAY B F5. R T 68 5Bk i 4 HE T I B2 T 4
PRSE T B AR 0y B SLHE R ST 48 5 SRk 78 B 3 A8 i ) 3
ER5aE ARSI T Komeans R, AW,
) K-means R0 106 B 4 1) B b5 B SR B /N
TERE IMAREERENSEHITHER, SRR
AL, SCE S AT U DR B R SAR AR B 4
TS B AR Y BSCRE N HAR IR, S 3R 25 I Al AE ) T AR 4R
HLEET RN T RN N EUI G . AT X —
[FJ AR, 2 R 5 K-means ARBE A ER b, XT84 R #
MRS BERELERRTHFEE L., KL ALRE
WmF:

DEE m ABENL G BAR W, H) i € {1,200 m)
W, H, 24 HE 1) 58 FEs

DMIEMBAIRENRE T EBMERE (wsYans
Z e s V) o
(D

ML o 38 0 53 A A B AR B AL T 4 B, SR Ak B AR R I fR
LS TREE ., TR RIER A IR R R T
SAR FRAEH I iy S B ET R (mAP) IR B T 94.05%, Ik
B YOLOvA BT 0. 7%, WG - HER AN 5
TR L RS o A R A R A
1 5 &

3T IR R YOLOvA B o o B 4l 4 2 800 46 il SAR
MM ERR T EABN ST RBESELTX/NE
FRAEAE TR A L I A 45 In) A, A 3C 4 B3l i 0 ek B
K-means B8 88 g FIA VE B 18 B (CBAM) 3k £ 71 &
BRE . SHERWME L BR, BT RE 2N FE LR FEH
STEE

208,67
Ly =1—IToU+ (771 “+av
-

Rgs R
Viax — Ve = N (2)
w/
O ®
h,
ymmJF?:yj D

o, (x,hyw,0h,) 5 € (1,2, ,n) Hd (x,,y,)
g ELSTHE B T 0 AR, G, oh,) O ELSEHE O SE R B » n
R ESE MR,

D HBIEER W EHARELITES m MR PO EN

d=1—T10U[(z;,y,,w,sh;)(x;»5;, W, H,)]

(5)

BEESHEARREEBREN (W, H) &,

4) S A — A4~ 43 B 52 B A R R R AP A SRR R OF
HiE

WC:%EW (6
1
Hi—NLZh, N

« 121 »



545 v F @ ¥ #H K

Hip, N, #r8E: MREPESESN . Wit PR, BB T REHFE W anchor, L IE

HEELED . HE W, H)D JLFRFEEKL, B, B 33 J5 4 anchor X3RS A —E MR T, Bl

60 %5 25 B 5) Ay 45 SR HEAT 4R LL AR A 44 B[] TG A S 356

= ax, 2= Bresyi = ayisye= By (8 1.2 FEHEH

L (Iiil])(]’;*l"l)—.—la % i SAR WM TR IRFE B R EART AL, X
b)) el R e O B X H AR R I . R T 0 R A X
r_ (yfiyl>(y§—yﬁ)+yﬁ (10) Sk R RE I, 5 1 T B A U H A% A9 REAE , A1 7E PANet H

yi=
(yo — 1)

£ % T & 1 8 Bt Cconvolutional block attention module,

a3 53 3k 8 /IS B FIRCR e

i

.

1

99
Spp

Bl b 4,"

CBAM) , il 2 B

|

PANet. =

R T AUE AL RIS S A B AL
Mt R AR 2R ER, R HBEE S CERN A AR K,
RIFX X — X BRARZ T ZWIR, LR FERE
B EFR AT (5 S T A Al JE R AE R . B TR
P& B 322 30 8 — ZH AR R B DL s A m AL By O =
R B8R R IR 24 R P X 358, ] e 1 1 AN A O X33 AL 3

CBAM(convolutional block attention module) /& —Fft
Z54 T 38 78 (channel) FI1 25 [6] (spatial) A 7E 2 Ty HLHI A B,
T8 o P AR 43 0 L B A T R AR HEAT 1 35 B A Ak L ik 5] 3
i B bRRE R I B B,

Hrp GEEEE M ERESFRIMNBREMFA7,
T T — B A 0 B KA RS Ak L 4 B BRI T A R B AL
B, HRERR TR/NIBE, 5583 8 E K. TR
FERRAA7, WREHME 3 xR,

O+ »E7
Sigmoid JEEERS
ST

T TE VR R T A

&l 3

SEES N RERET BARTEM A, R A3
A A A R A 3 R E AR B 2 B AR R B 2% 8 E H
FRTEAF Bk 18] 5 TR i 47 B 32 Bk TR R R R R R T BAR AR
DY AR P . T ZE A AN 4 o

¢ 122 »

Kl 2 R g

Sigliloid
N S ER A
(R, Tt P
B4 == R R

BamEEg I MERERE S FSIMNSEREYS
JERIEE AT R AR T — B A
1.3 REEH

AR T CIOU 48 2% bR 3, 1% 81 % o B0 an F
FIiR -

206,65

— +av

c

L(Ian = 1_10U+p (11)

Horr, ToU Sy BUVIAE A2 564 G 0 82 FOf 00 L (8
p(o) HEKICHERS, b F16% %R B A B b, ¢ HE
SHE 5 UK FF % A 9 55/ AR 008 28 K s o A
TR o R — BB,

ToU FRWF .
| B N B* |

IoU= —-—""— a2
| B U B* |

,H\EP’ B* = (x‘uz,yur’wm’hm) i’%i‘ﬁ%*@? B = (17’
yewsh) TR TMAE



BoO# ¥ T YOLOvA # SAR AU #e il 5 %

11 4

v FRIT .
v = %(arctan%*arctan %) ‘ (13
a BARUT .
v
S AT aw

2 XBESH

AL, BE A SR ER A Tensorflow HEZLH 3L B, JF 4
H# 4 « NVIDIA Tesla V100 GPU £.128 GB W77 ¥
NVIDIA DGX T{Eui R 45 %% Litf7. BIERZRGREZEWHA
CUDA 10. 1 ¥y Linux, AUE RS &5 514 0. 000 1 A0
0.9, lghm&%ch 80, fitR K/~ 32,10U K 0.5,

2.1 HE&E

2530 I B A P B BE s R {5 B R 5T B 5 b
BRE LW E TR A T 2019 4F 5 T AF K SAR
FEmmRNaEE Z8EEUREEFAS =5
SAR HUIE R Sentinel-1 SAR #4E 5y FHUE IR LR AT
102 B4y =21 108 5 Sentinel-1 SAR B 1§14 52 25 4 ¥t
WSAR MM B AR IR E = I BEAE, HEi ZRRES K
A% PE A 43 550 MEAAET K BT KNA 256 X 256, ARIR L
N IR F S AR Lh R 4r A 8 5 12 1. £ 1 /H
PEMRERER, B 5 MBI ELEA R,

R1 HEEKEER

Bl g WE  MilE BIEE Sl
SAR-Ship-Datasct 34 840 4 355 4355 43550

I € TR N

2.2 EMMERR

T RE T AR R TR I SR B B G R AR SCAN A
FEXT i I R AR B AT TP A, 40 R R py, B p,
FIF W UETR 2R (mean average precision, mAP) F1 4} #5 fii &
(frame per second,FPS)4 -8 bR ST B HEAT PEAN . 4 48
NN PR

py — TP/GT (15)
p, = FP/(TP + FP) 16)
mAP — fp(R)dR an

Hoip, TP (true positive) &y SE R H hy IEFE A, i 700
MIEFEA , FP (false positive) 5 Z2 B 9 Sk T R 7, g Tl
HIEHEA, GT (ground truth) JySE bR ip HLSLHEACHL,

FPS =1/T 18

Horp, T g — e PR A 0 g e i)

2.3 smxftt

B 5E . T UE B AR SO R S J7 i B9 A RUHE L AT A AR
FEARE LT T ~HEM TR, TRAENE 2 PR,
TR AR W ARG YOLOv4 B xS SAR IR 1% 44 3t
ATHRAE DARKIM R , e X80 mAP {625 93.35% . 7EJRIETT
AR E L BATE N T B AR S, mAP EHRAT
0.47% , [a]if , & RWTRET 2.58% . 7EMLEEAl EFAT)
fi A CBAM il i I CBAM A58 5 X A i 457 AiE 8 AR AT
T 205 RS B A0 H . 8 T BEXT SAR AR A4 4G I
PhfE. LA R WENE Y CBAM BRUE, mAP (HEFH &
91. 05 % , &t T R 2. 55%0,3 AL g b MR LW B
BAEA . TE AR R B B Komeans BB F R4
CBAM BEHBERS $2 75 YOLO 57 3 %) SAR AR E 5 1 H
TRl PR RE

£ 2 ETF YOLOv4 (91 AR 5 o5 46 ) 4 gk

= & g CBAM g/, BER,
A K-means % o RN

— — 96.72 40. 56 93. 35

YOLOv4 N — 96. 77 37.98 93. 82

N N 96. 70 35.13 91. 05

BT 2 WA 40 W0 46 2t R — o A £ M4
AP T, B, 5% T3 AT N EUE 5 T BENL L £ L
TR E I A B Y PR R SER A R 6 TR, B AURESR
N FCSEARE 0 HE 2% 8 A 0 B AT B AR 4T 64 RO 4R
PRI B Fr. YOLOv4E 545 3 & B 7F SAR-Ship-Dataset
LA R . B 1T YOLOVA Bl a5 1. 56 2 47 A
#F K-means+ YOLOvd BEBE MR, S 3 hAxHE

(a) ® ©
BG4 5 R




545 B W F o

F R K

. BN RETLER,.EEEHEE, EE L iR
BRI TS (RS LT . 518 YOLOvA 25 b 3 T
BZ MR H AR, 0 AR SR S s o L, HOR AR
AT B A T 4 R ARG T R
BRI E RS WA B AR Ak
SAR MUARER T BRI 45 S A7 3 b, 85 SR 3. 3 B

®3 AEEZEI SAR LA B R R I 5E X b

] £ A5 Al A BRI/ mAP /%
SSD-300M% 300X 300 88.3
SSD-5120% 512X 512 89. 4

Faster-RCNN 600X 600 88. 3
RetinaNet™* 800 X 800 91. 4
YOLOv3H™ 256X 256 90. 6
YOLOwAM 256X 256 93. 4

Ours 256 X 256 94.1

MWER SR T LUFE W, AR NS ER R
mAP % TR YOLO RA F i B & &R M
Faster-RCNN 2 35 |5 B & U X 46 B0k, R R A, iy T
FAERERY K-means BB 0T SAR A5 1% #5458 2
ISR 44 FE B8 B T4 SAR LA H AR, OF B4
CBAM 8 3e , SHAUAE B A7 T 8 AL EE , 0 ) &2 2% 75 5t
MAEARE WA TH. A RMOOETT 5B
YOLOv4 R% ) FPS [VEF, 45 R F AW A MK K FPS
1R 59, FH AT AR SO R B B B R AR R WA
A6 3 BE 2K A AL L L A5 R T AR R RS B

T EE VDA L, 28 SCHT IR Y B o 1l T R
FE P AITE i H AR 2 ROBE AR b 5 T B RS A — R R R,
Wb T LA B AR TR AR AR AR e, 8RR Y b D B AT
— T, NI ARSI R B LR B IR R
LT b, 1 AR s B LY SO 9 B AT AR I e B B Y
SCHAE , N JE SR TT & B AT B A I 2R 58 2 R,

3 &

BEE SAR MBI B K J& . Bk Bk 2 1) SAR I £
PEmT e T A E AR AT O PR R A T A BRI
SAR UL A I 57 12 B9 PR . A SCEE T YOLOvA 21 7 —
TRl G 2 N R B BLE] B YOLOv4 MRS GI 57 3 » i
FH o F) 2R B 0 o WA K ol AR AT R B TR TR B AR
195 5, [9) I &5 & v T 7 AL Ak — 2 £ O B AR U0
BB, LHWAVCRRY, ME T L YOLOv4, LAY A br 8912
0032 8 TC T S A L AR AR I P 1 MR R R T T 0. 704 .3k
BT 94,0506, [RIHT 8 B S B A SR AT LA L Je A1
A B AR A 5 2 R B B AR D A R AR b, AR SO T
RABGFr 8N VERE. 207 B 88 08 A RO 45 Fh il 50 T
B A B AR A AL 5 EE R EE RN ER T A

¢ 124 »

AR E S AR R AT B AR AR I 52 44 5 R

.

Sk

(1] XM=dl, BTER, K5, % REKBEH SARBAREKE
L] BwIkZER, 2020, 9(1).1-33.

(2] RFE, MW, FT BRI KA DA RGRE
wU] B ilEEA, 2017, 40(12):110-116.

[3] EIDHUSET K. An automatic ship and ship wake
detection system for spaceborne SAR images in coastal
regions[ J]. IEEE Transactions on Geoscience Remote
Sensing, 1996, 34(4):1010-1019.

[4] CHEN S Z, WANG H P, XU F, et al
classification using the deep convolutional networks for
SAR images[ ] .
Remote Sensing, 2016,54(8) :4806-4817.

[5] STASOLLA M, MALLORQUI J J, MARGARIT G,

et al

Target

IEEE Transactions on Geoscience

A comparative study of operational vessel
detectors for maritime surveillance using satellite-
borne synthetic aperture radar[]J]. IEEE Journal of
Selected Topics in Applied Earth Observations Remote
Sensing, 2019, 9(6).:2687-2701.

[6] WANG Y, WANG C, ZHANG H, et al. A SAR
dataset of ship detection for deep learning under
complex backgrounds [ J]. Remote Sensing, 2019,
11(7):765,D0OI1:10. 3390/rs11070765.

[7] ZHANG T, ZHANG X. High-speed ship detection in
SAR images based on a grid convolutional neural
network[ ] ]. Remote Sensing, 2019, 11(10).12086,
DOI:10. 3390/rs11101206.

[8] GUI G. A parzen-window-kernel-based CFAR
algorithm for ship detection in SAR images[J|. IEEE
Geoscience and Remote Sensing Letters, 2011, 8(3):
557-561.

[9] HOU B, CHEN X, JIAO L. Multilayer CFAR

detection of ship targets in very high resolution SAR

images[J]. IEEE Geoscience Remote Sensing Letters,

2014, 12(4):811-815.

HUI D, LAN D, YAN W, et al. A modified CFAR

algorithm based on object proposals for ship target

[10]

detection in SAR images[ ] ]. IEEE Geoscience Remote
Sensing Letters, 2016, PP(99);1-5.

TAO D, DING G, ANFINSEN S N, et al.
CFAr
multiple-target situations[ ]J]. IEEE Transactions on
10. 1109/

[11]

Robust

detector based on truncated statistics in
Geoscience Remote Sensing, 2016, DOI:
TGRS. 2015. 2451311.

FHWRE, TH, FEE ETREZIWEHBRRNE

R BFWEREA, 2017, 40(11):89-93.

[12]



BoO# ¥ T YOLOvA # SAR AU #e il 5 %

11 4

[13]

[14]

[15]

[16]

REN S, HE K, GIRSHICK R, et al. Faster R-CNN:

Towards real-time object detection with region
proposal networks[ J]. IEEE Transactions on Pattern
Analysis Machine Intelligence, 2017, 39 (6).
1137-1119.

LLIU W, ANGUELOV D, ERHAN D, et al. 3SSD.
Single shot multibox detector[ J]. Springer, Cham,
2016.21-37.

REDMON J, DIVVALA S, GIRSHICK R, ct al. You
only look once: Unilied, rcal-time object detection[ CJ.
Proceedings of the IEEE Conlerence on Computer Vision
and Pattern Recognition, 2016 779-788.

REDMON J, FARHADI A. YOLO9000: Better,
stronger [ C . the IEEE

and Pattern

[aster, Proccedings  of

Conlerence on  Computer  Vision

Recognition, 2017 7263-7271.

[17]

(18]

[19]

REDMON J, FARHADI A, YOLOv3: An
incremental improvement [ J ], ArXiv Preprint, 2018,
ArXiv, 1801, 02767.

BOCHKOVSKIY A, WANG C Y, LIAO H. YOLOv1:
Optimal speed and accuracy of object detection[ ] ]. ArXiv
Preprint, 2020, ArXiv, 2001, 10934,

LINTY, GOYAL P, GIRSHICK R, et al. Focal loss
[or densce object detection[ C|. IEEE Transactions on
2017,

Pattern  Analysis & Machine Intelligence,

PP(99) . 2980-2988.

EEE

AR

SKBR BB, EEAT ST 8 1 SRR R R Ak B A5 SR
e,

E-mail ;nkd_zm(@imust. cdu. cn

B A LAT R, TR IR R G BT A,

E-mail: cyang980323(@163. com

« 125 »



