5 ikE REPOATS

ETREFIBFERS GAMENEEX Lo

B, Jalte, A, WA, )l
(PR ATR S AR) EPES 2 I BB, LR T8 266580)

l:ﬂl

FE: MDA HATEFAZLRE, REEERANETET R, ATREF I B 00k
BEAE AR IRBL T RS RAF A, ANK KRR REF I B AR R Fk AAAEAR R b a9 2R, T —A
.4 3893 KEGMKELE, BAEATALT T FTAREA MM, A TIEE S KA Faster
RCNN. SSD. RetinaNet. YOLOv3. YOLOv4 H ik #4752 8, 4% &%, YOLOv4. YOLOv3. RetinaNet.
Faster RCNN - 3445 % 35 & 83%vA £, L F YOLOvV4 & 5L %) 91.77%, Faster RCNN %432 %, f SSD
M ERIK, RA 79.23%, EAAMBEERNEE RV, S HERNSGERES s =T A L TR
K, FEEIFHEMBOR, FMATE R R KRB BAR G T RER — 48570,

KERIR: E R B AR A RAEFD

PB4 RS P237 X ERFRIRAD: A
DOI: 10.11759/hykx20201108009

R (B SR o R U Pt k= W NN E NS ) B R N2
A AR H EE RS M BT AR 5 A R
SRR T SAR &P, Mk IRS SAR
SZAGAE LU BT TS %) 43 5 RN R OO0 ) R AT e,
RERSAR LT E &m0 (5 B . Rk, BT eg iy
RS A G 00 328 3457 ik 1T 9 R

18 G2 AR A 0y 2 2 A 5V i 43 A
K SRR 3 AR, H 2 o SR U E A
B BERRAE . TEARFRAE | SCBRERIE S5 21T 2 FRIEEK
AR Zhu 253 TFIOR RSB AR I 51 A S5 T
Jey ik Z A #3 (local multiple patterns, LMP) 3 5 45
TEEFERFAE SR BCR B o BE NP 20 Al s TR
s FUARROTEAR . BB | r BRI i 45 2 4R A £ B,
T 2R A UV s — b 0 A0 AR R 1) i1 2% — 1)
B RE B 7 RURRAE XA B bR b Tk . SR AL 40
3 K BEOTE X H AR RE e R, R e
2%, MERE, ZR% IR AIEER R0 E

H T B e 0 S5 1 R B 2 2] vk E S A
25, RIVAURY B H s 00 530k B i B H AR A I 5% o
YE R 3Ky BE K I 57 9% {% %, Faster RCNN'I 7
RCNN' | Fast RCNNUOSERE | 61 3 M 4 ] RPN )
2% MR N TUHE AR BRORG BB A A B KR ks, O S8
BT vt B v (A AR, BSOS R b B o AR T A i
DX Sl B ECAY) XU B I v, T Il A B B
¥4 YOLO!!  SSDUAER vk, el B I HoAq o

X EHE: 1000-3096(2021)05-0096-07

KIS, (B HERGPE RS . RetinaNet!" 2 H! Focal
loss HUHE A8 SO 48 2R > 42 T #RL I B A DN A9 5 2
YOLOv3! M5 A6 0 8 B2 1 [ s 48 5 17 3% R 81 %6/
H ARG IR 5 (0 HERA R, 2020 4FE4EH B YOLOv4!Y!
SURAFRALREE, TE R — A 20 i oK B A | S
TR0 HARK I 5, fe08 58 o S Uk i H
bR Z R AE, BRI 7Z LRE T AR g, BETE & 24 2R
Be N ARFIR G B iR . B G B AR A Y
AT R0, Liu 5USHI/E A HRSC2016 Hd 4
TEAR A SN, T, iR A 32 A B A
T S A AR, T DA A b 1 FH T K v 28 A
FE AP, AE B 4R Sl = /N A ) AR
/0N A A 000 A2 A7 R 2 >0 E s A 00 12 8 11—
NEHEESEIR . BA SO EE T 2 44985 50 T AN A28
AR B 4, T I EUIE A2 %) Faster RCNN, SSD
RetinaNet, YOLOv3, YOLOv4 TR0 bk #1752 50 %)
Fo o, JFR BRI SR 85 SR AE & 3 — 5 AR itk —
MR, A LA AR A S RS DU SR 2%

W H - 2020-11-08; &[] H 1§: 2020-12-02

FEWH: EREAE I H(2017YFC1405600)

[Foundation: National Key Research and Development Program Plan, No.
2017YFC1405600]

fE# A EICHE(1996—), B, IWARF B A, BEwE, FEMN
FELAAS T SIAFSE, E-mail: 1721760100@qq.com; Ji &14E(1966—),
WAEMEE, B, WWREEN, B, FENE 3SH AR IS,
E-mail: wjh66310@163.com

96 TEFEERL 1 2021 4F /55 45 4 1 55 5 30



HEIRkE REPOATS

1 A
1.1 Faster RCNN

Girshick 7F 2016 44 i Faster RCNN, Al i %
Hifdi F RPN 2%, RPN R0 4% 25 X 50 i o5 fE B AT
WG, A A5 A USOHE 0 R U/ HL B K
P, ABRaE 207 5 B bR, JF R B bRk IR 2
L B UL, SR B AR R AE S0 0 o7 =X, 0 )
o S O DX, BT A R A TUHE AT
%, RPN ik s B L({p,}.{t;}) P o0 40 2R o AR
L(py) RV AE [0 U 453 2% eR B L (1, ) RN, 7 SCAn
TR

L({pi}’{ti}):L(pi)+L(ti)’ (D

Lp) =Y talpert). @
cls
L) =i Y pila(in), O

reg

K, ¢ R R HER TS, p R AT ERHE ¢ & H A
MIRER, pr ARRIRTEFEAR, IEFEARRIN 1, kA
HoA 0, ¢ ARF T E X Il AR AR, £ AR X B M 1E
FEAST N B A A5 o AR RN o RUST Ay 2 TSUHE B S5 (1]
JE BV RRAE R /INAS — 3 3t Ak J2 0 A e 1 7
ANERIE S A S B2 45 BEAT A SRRl
1.2 SSD

VE R BB B g AR 3R, A T b A i I 9
FI&4 A E] VGG16 & T M4 3R BUR R R /N R R
B, Nl 6 2 ReE B A R A 1) RO 9 E s
FEAF 1 200 36 BURSZ PR T4 K, X S ) R AR AIE
LTI 4324 DA T 3 28] 22 IR ARG T 1) Y

CSPDarknet 53 *3 *3

1.3 RetinaNet

RetinaNet Hi #FfIFE & HUI 28 | R AIE 42 5 15 1) 4%
(FPN) ., 432 RN AE [ 5 285 4 AR, FEFAE R E R 25
2% ResNet At -l F FPN A4 1 22 R 45 FURRIE
G, [RIBHE 1 T Focal loss A it B B G ) %
TEAE B ZE N 2 i [n] BB, Focal loss i1 5 =0 F

FL(p,)=-a,(1-p,) log(p,), 4)

Kt p, RoRAFZGIN MR,y Al o 2R EE,
AZ 5% @I p, ZEOSHEDHEA T B R
Mk, p K, (1-p, ) 8N, HREET TR
H br ko DUORS B, LA R 3 B3 A AR [R] Ay A P £ ]
FE DR % [ B 2K 280 4 v A
1.4 YOLOv3

YOLOv3 7l X 45K A Darknet-53, W& 5% 2
EEHEA, WAHHMAZ ., 2582, £ -L22
)i 1 IRGERE S, PIA RSO A kR S A A,
WD TR, e T, R Z R ERESS S
AN TR RN %37 B o) 45 o RS /N R R AT AU
1.5 YOLOv4

YOLOv4 7£ YOLOv3 Al i g kieit, AT
PETHAERRE, 76 2T M4 | s R, Bk sRE 21
F AT . B ET MK CSPDarknet53, {5
Y5 CSPNet 2544 15 it ERA B2 = I 4299, 7F Darknet53
FRZEH A CSP, ¥ 3L hlt 2 B0 FRAE W S 5] 43 A 7
W43 I8 L Y B A M 5 0, TR T A A (A A
PRUEAER %, 7R B T4 LI T SPP By K&z
BF 3 B B 3 R SCRHIE, #E 3 DA RURRIE R
LA PANet fENSECRG Ik, 7RI RIERR
BUE R, BARSSHnE 1 R,

608*608*3

© - EEE - - )

PANet

Maxpool \

CBM = Conv. Mish
E—
Maxpool

CBL | = Conv. Leaky
relu

*N

*5
CBL - CBL *5
CBL —>
CBL CBL Conv —
CBL —»|
76*76*255
5

*
cou - cou. [Gow'— -

38%38%255

L 5

Resunit

*5
CBL —»
-_. e —» coL. ‘con— |-

. = CBMTCBM_ CBM CBM - add —+—> CBM [
A ‘—> CBM

CBM

19%19%255

Kl 1 YOLOv4 Z5#RiE R

Fig. 1

Schematic of the YOLOvV4 structure
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Tab. 1 Statistical table of the detection results of each algorithm
RN B HAREUA TE A I KA R AGI KA mAP/%
Faster RCNN VGG16 1 647 1430 616 83.71
SSD VGG16 1 647 1073 131 79.23
RetinaNet ResNet50 1 647 1212 232 83.98
YOLOv3 Darknet53 1 647 1333 185 85.75
YOLOv4 CSPDarknet53 1 647 1465 172 91.77
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Fig. 4 Schematic of the detection effect of different algorithms for the case of a complex background
1 a—d: 4 NEREE R4, A: Faster RCNN; B: SSD; C: RetinaNet; D: YOLOv3; E: YOLOv4
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TSI A A IR A~ B R %

Faster RCNN 37 6 80.43
SSD 31 4 70.45
RetinaNet 36 3 83.72
YOLOV3 33 0 82.50
YOLOv4 38 2 90.48
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Comparative analysis of ship detection algorithms based on
deep learning in optical remote sensing images

XIA Wen-hui, WAN Jian-hua, ZHENG Hong-xia, XU Ming-ming, QU Chuan-ping
(China University of Petroleum, Qingdao 266580, China)
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Abstract: Ship target detection is an important means to supervize a marine environment and protect maritime
rights and interests. A target detection algorithm based on deep learning can maintain good performance in a com-
plex environment. This study describes the construction of a dataset containing 3, 893 images, covering different
types of ships in a complex background. Based on this dataset, the performances of Faster RCNN, SSD, RetinaNet,
YOLOVv3, and YOLOvV4 algorithms are examined. The results show that the mean average precision of YOLOvV4,
YOLOvV3, RetinaNet, and Faster RCNN are above 83%. Furthermore, YOLOv4 reached 91.77%, Faster RCNN
produced more false detections, and SSD achieved the lowest mean average precision, only 79.23%, with a low
total number of ship detections. The training results of the five models are tested on a GF-2 image, with good de-
tection results obtained; these results have certain guiding significance for the future theoretical research of ship

detection.
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