T RAEE A RSB AR (08 B B AT A A T
AR, ZRE R, 5, UL

G AL

g, ZERAT, F5¢, B DARE. T RHIE B A ALK S AR R B R MR I [T ], B RE RS54k, 2024, 19(5): 1298-
1308.

QU Haicheng, LI Ruike, WANG Meng, et al. Ship detection in remote sensing images via feature reuse and
dilated convolution[J]. CAAI Transactions on Intelligent Systems, 2024, 19(5): 1298-1308.

TELR AL View online: hitps:/dx.doi.org/10.11992/tis.202304002

LT BRI HA S
PO EE e S R RE N - WAL g DI S N ioalll

Target detection based on bidirectional feature fusion and an attention mechanism

BHEZRG2AR. 2021, 16(6): 1098-1105  hitps://dx.doi.org/10.11992/tis.202012029

BB Rl FRAAIE 4 T35 5 CornerNethHZE G 19 /1N H FRAsi il
Small target detection based on a combination of feature pyramid and CornerNet

BIRERGE . 2021, 16(1): 108-116  https:/dx.doi.org/10.11992/tis.202004033
TR R R R AR A 0T

An image caption generation method based on attention fusion

BHE RS FR. 2020, 15(4): 740-749  hitps://dx.doi.org/10.11992/tis.201910039
TR IALE Y 8 H BRI vk

Salient object detection method based on the attention mechanism

BHE ARG AR, 2020, 15(5): 956-963  hitps://dx.doi.org/10.11992/tis.201903001
SRR U Sy Rl OMNER 7y vl

Skip feature pyramid network with a global receptive field for small object detection

BRER G FM. 2019, 14(6): 1144-1151  https:/dx.doi.org/10.11992/is.201905041
ZIA BB S5 M AR5

Research on pedestrian detection based on multi-layer convolution feature in real scene

BIBE R G244 2019, 14(2): 306-315  https://dx.doi.org/10.11992/tis.201710019


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202304002
https://dx.doi.org/10.11992/tis.202012029
https://dx.doi.org/10.11992/tis.202004033
https://dx.doi.org/10.11992/tis.201910039
https://dx.doi.org/10.11992/tis.201903001
https://dx.doi.org/10.11992/tis.201905041
https://dx.doi.org/10.11992/tis.201710019

5519 B4 5 W B OoRE R & % it Vol.19 No.5
2024 4E 9 A CAAI Transactions on Intelligent Systems Sep. 2024

DOI: 10.11992/tis.202304002
W & H KR 4k htps://link.cnki.net/urlid/23.1538.TP.20240828.1059.026

E T4 E A MK S TR AYE BB R AL ARl

W, FIAT, 2F, B8
(IFIBBEAKRSE BM43%, 327 #HF B 125105)

OB ARG R AR D, W R H bR AL T AR A RO D, OS2 B BRI Y T RIS, g
PERA L TEAAE o R T HE— D AR B L B ARSI R (RS B Rz AR PR R, 4R T — R T ARRAE E R R KA
TR 2 B G AR A DU 580 o 1 SE i e T 28 T 4 A8 BURIR 20 1 38 0 19 3R 25 MOR AR URR AR, [R] B ik A W] 2R T
B BRRE BOCE I AF 5 LA ROBE A8 AL R RRAE s 355, il T 20 RUBE G2 B ABE e, 3 oo I A7 SR B 22 RUBE SRR AR IS P AT
Al AR5 BB s T, PRI AT FRAE & 8 S ah A T — 2% (RS 1) b (0 RRAE B R A B AR DA AR R AR
FRAE T o FE KB B 4E DOTA R A HHE 48 HRSC2016 Lt AT 300, Seah 4 SRR 0, i 7 i Be s A 5%
2 ot AL AR B A e G R R A [ A, it vy T o S PR AU A s A 0 o 2

SRR : B SR TG I 5 AR AE 5 MK A AR PR T s A B B R 4 T W TR A R
FESHES: TP751; TN91L.73  XEREE: A XEHS: 1673-4785(2024)05-1298-11

RS AR B, ERA, IR, ¥ ETHIERMERERNEREGMMBEN J). SERAESEFH, 2024, 195):
1298-1308.

# 5| A1&3(: QU Haicheng, LI Ruike, WANG Meng, et al. Ship detection in remote sensing images via feature reuse and dilated
convolution[J]. CAAI transactions on intelligent systems, 2024, 19(5): 1298-1308.

Ship detection in remote sensing images via feature reuse
and dilated convolution

QU Haicheng, LI Ruike, WANG Meng, SHAN Yimeng
(College of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: In optical remote sensing images, ship targets in ports are often densely grouped and obstructed by the sur-
rounding environment, such as containers and vehicles. To further improve the accuracy and generalization perform-
ance of existing ship target detection algorithms, this study proposes a remote sensing image ship detection algorithm
based on feature reuse and dilated convolution. First, a residual block based on grouped convolution and split attention is
constructed to extract features, with deformable convolution embedded to better handle ship scale variations. Afterward,
a multiscale receptive field module is designed to reduce information loss by parallel extraction and fusion of multiscale
features. Finally, a bottom-up feature reuse aggregation path is developed based on the original feature pyramid to en-
hance feature representation. Experiments were conducted on the large-scale remote sensing dataset, DOTA and the ship
dataset, HRSC2016. The results show that the proposed method effectively alleviates the issues of missing and false de-

tections of ship targets, leading to increased accuracy in ship target detection in remote sensing images.
Keywords: remote sensing image; ship detection; feature reuse; dilated convolution; split attention; group convolution;

feature pyramid; deformable convolution
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R 1 AREKENFEE DOTA HEE EXTLE
Table 1 Comparison of different detection methods on the DOTA dataset

FEiAY LTI NAN P 1% Pis 1% Piios! %0 TGN /()
Rotated Faster R-CNN (800,800) 87.37 45.62 46.82 18.3
ReDet (800,800) 85.14 47.08 46.69 8.0
ROI Transformer (800,800) 89.80 53.90 51.07 15.1
Sasm_reppoints (800,800) 87.42 45.01 46.62 17.2
S*A-net (800,800) 88.47 37.66 44.70 17.4
Oriented R-CNN (800,800) 89.83 54.88 51.26 16.4
AT (800,800) 91.95 77.94 62.08 12.2

T LA A S B Al

R T 2 R UEAS SC AT BB R Iz A A
JEAE, A SO K ir 4 Bk 5 H A L AR 3B 7E HR-
SC2016 &[] A A I B P £ i As 1% Lo, SE5

gEIR LR 2, WK 2 Al LIE Y, A SCpr HE A
MR AR AR 2 R A 52, PAY | PRI PAT 4 93l 16
F 93.13%. 73.87% F11 61.27%,

xR 2 AREEN T EE HRSC2016 £ HEE EXFEE
Table 2 Comparison of different detection methods on the HRSC2016 dataset
FEAHY B AR P 1% Pi5 1% Pglos/% GoRllBENEED)
Rotated Faster R-CNN (800,512) 71.00 14.20 26.94 243
ReDet (800,512) 79.80 60.00 50.84 9.4
ROI Transformer (800,512) 88.20 40.90 45.75 18.5
Sasm_reppoints (800,512) 92.10 70.30 59.40 27.6
S*A-net (800,512) 92.00 57.50 53.09 17.3
Oriented R-CNN (800,512) 86.90 55.30 49.55 22.7
AR5 (800,512) 93.13 73.87 61.27 16.5

T ML AR AR S AL 4 24

PRl & AT DL 4 i A B A [ 3 R0 oA Al o 1)
K, Mgk iz (1,0 AE, iR 8 m AR B R,

ot A AR TG 0 7 RE My o 6 RGN B398 7 2 N8
2 4E | IOU [#1{H K 0.5 Ay PR £ i & 10 i,
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Fig. 10 PR curves of different models

3.5 HERRIE
AT UEBAAS SC T SR AR E A 5 PE, LA Oriented
R-CNN Sy SR [ 4% , £ DOTA $da 4 1 JE 177 il

g, BWE TS SR, TP Py P Rl

BT | SR IR 558 BB (floating point of op-
erations, FLOPs) 1E F P 855, A - Hb b 4% 52
W25, T SR RE— B T Al LI A5 R
%3,

x3 HRBMLEHAER
Table 3 Ablation experiment results

FEEY A KN P 1% P 1% Pos 1% 60 33 B/ (£7s) SHE/10° FLOPs

FEAith P 4% (800,800) 89.83 54.88 51.26 18.4 41.13 121.58

+ ResNeSt50+DCN (800,800) 91.47 74.85 60.06 15.4 43.01 128.06
+ MSRF (800,800) 90.99 74.12 59.59 13.8 48.10 138.06

+ FRAP (800,800) 90.36 72.96 58.61 16.3 45.13 132.66
ARSI (800,800) 91.95 77.94 62.08 12.2 53.98 155.62

T ML AR ARSI e L4 24

FE Al ) 2% fift P 8 A AR BBOL AR R AE, 25 5
SIS MR, JoVE PR BOCA RO L A7 A LA B AR
RRAE, [R]EF, S Ak 9 4% 35 A8 32 TR iE B kAT
o, ORI 5 R b RS B O G,
PRI PAP BAR, HAT 54.88% F1 51.26%., +Res-
NeSt50+DCN i i 5| A 4 21 & R AR 43 1 2 7,
() {67 FH 7T 28 JE 45 AR B B in 455 B 0 18 SRR AIE
WD S R TUAY, B PAY L PAT RN PAR Ay 4R T &
91.47%. 74.85% #l 60.06%. MSRF &b i i 17
% ik 4 AR 4R X 22 RUBE R AR, el AR B R
Piy . PoY FIPiyos 1 42 T+ 22 90.99% . 74.12% #11
59.59%; FRAP il it #4 & [ IS 1] [ Y 2R & B A28
F TR R AT E ], ST TR R IR B T, W
Py Py FPayos o 5l 32 TH 2 90.36% . 72.96% Fi
58.61%, A< SC T A FE Al M 4% 5] A ResNeSt50

F1 DCN, [f]f} 44 MSRF Fl1 FRAP, #f— T+ T
SAL L PR RGN T BE , S K PA | PAR RN PAR. A3 ) A #]
T 91.95%. 77.94% F1 62.08%,

MR A TH ISR, Wit
B RY B 2 85 T 0352 2% B2 A B g n, (R AR#R T
FEAUKE BE A4 T, M A 2 FT A2 1 o

R TR M A BT AR SO B B I RR AR 45 B
J1, RHREAE 4 50 AR 12 /38 T8 Y AR AE 1R
Tl AL, AT RRAE AN & 11 B, B 11(a)
SRl I 28 Hn HB B REAE ] B PR R AE LB, FE R
ANTE M, B 11(b) H A SCERE i 1 R A L AH L
S 28 i ) R AT 1] HE A DXl i B &, AT DA
SRR R0 B bR BT AL B AL A, R H AR S
TR 2SS HOR, T DL A X 5 H AR AT 5
VNIRRT RSN S R 7 SIS



519 % O R

* 1306

g e v
(a) FEERE X 454 1 R 12

B 11 $FERT L

Fig. 11 Feature visualization
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Fig. 12 Visualization of detection results
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