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Abstract: To address challenges such as significant scale variations, high aspect ratios, dense arrangements, and complex
backgrounds in ship target detection from remote sensing images, this paper proposes an improved YOLOv7-based
algorithm. Using YOLOv7 as the baseline network, the prior anchor generation algorithm is optimized for the dataset. A
long-edge representation method combined with circular smooth labeling is introduced to detect ship targets with uncertain
rotation directions. The YOLOv7 network is enhanced by embedding both the GAM ( Global Attention Mechanism) and
SimAM ( Simple Attention Mechanism) modules, which effectively suppress interference from complex background regions
in remote sensing images and improve target detection accuracy. Additionally, the coordinate loss function is optimized to
accelerate model convergence. Experimental results on the DOTA-ship and HRSC2016 datasets for both single-class and
multi-class detection tasks show mAP values of 86.1% , 97.7% , and 87. 1% , respectively-representing improvements of
7.8% , 4.6% , and 7.9% over the original YOLOv7 model. These results validate the effectiveness and superiority of the
proposed method.
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Fig. 10  Comparison of mAP results between the algorithm in this paper and YOLOv7 algorithm
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Tab.1 Comparison of results for ablation experiments
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Tab.2 mAP and FPS experimental results of different mainstream algorithms BT %
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A5 86. 1 97.7 87.1 35.3

DOTA-ship ¥gfa 4 b AR 25 2R, al LU H7E LS
NAPRREL R EREAR TR O, YOLOVS
5 YOLOVT $4H BT Y K6 158 A O 1% D0 , A 30T 12
W RER AR TE 2 19/ H PR RFAE (R B, /)y F AR A I
HER AL 5 o, RS COCO i b i Sy Hh 3% 558l
S /I H 5 G I HE B R 0 91.2% 5 &1 14 43 53 Oy
YOLOvS5 . YOLOv7 J A X7 B:7E HRSC2016 ##is 4E
LRI AE AR, n] AR A I P AL T LA, A
ISR 5y 52 31 FE 2% I L T 1T S OB Y 52, YOLOVS
5 YOLOv7 B BE 1§85 118 00, AR SO i 1E
TSI A EAT RAFIREIACR , RERS HERR IR

(a) YOLOvS (b) YOLOV?
[ 13 DOTA-ship $54 48 1 Ao de U 45 5 ol 4 Ak

Fig. 13 Visualization of detection results on the

DOTA-ship dataset
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T, A5 T O YOLOVT 138 SR PR AL H e I 575 145

Loz G WUAT R | T 1H] A% B S AN AR IR AL
ARSCRE RS REAE — € R bR FF R I i I8k
R A B BRI

3 H#RIE
RS 5 {4 LS A S £ B 2

FUBEARARTI L I ] HL A AN 5 M o i 40 2H X 5
S ERHT—FhEE T G YOLOVT 1 328 Jak [T 45 AL
BRI o 1 2, AR AR O 50k B 4 s ot f
JH K-means + + B2 EE/L K-means %(ﬁﬁz&m
A BE S SE B A HE , LR T RUE - M An 5 L 45
K F TR AR AR e e H bm Ao I *Iﬁfﬂ%ﬁﬁﬂl
Y A H 3 AR 2R A R ) R, DL K 7R
YOLOv7 1) PAN ZE#yrhir A SimAM £ & h#l
16 MP B A GAM 4 R i 2 I WLk, DA
e P 28 BEBURFE I RE T, R PR B SR R 1
I Fe P i A /s B S ARG BE A g 1 1) &, fefe
AL ARBRRE K s SToU R, 7E— 2D 4R TH R 2%
PERE. A SO ETER B =18 R R M Ao &
AR HHEAT T B A, i R AR SR
AALAEARAE R SRAFOLT L U H AR BA e A e v
B IEAE Gy 32 BN [R] T U BE AR L K 22 2850 PR
SR IR B B ROR A RO R T E
SR A AR E ARSI R RE A o R T AR SCREALA
T YOLOVT FEH 2548 B 53 2 , 15 R 1Y 2 400 A
HAERWA —E R TE, T — P8 22 TE B A 3 A%

il B — AT
2 £ X M

(1] EEZw, £FF, g, % meig A5 i

GOt AR RGN [ )], Stk 2023, 43
(12): 121-134.
WANG HY, WANG C P, FU Q,
based on lightweight optical remote sensing images for
embedded platform [ J]. Acta Optica Sinica, 2023, 43
(12): 121-134. (in Chinese)

[2] LI B, XIE X, WEI X,
classification from optical remote sensing images: a

2021, 34

et al. Ship detection

et al. Ship detection and

survey[ J]. Chinese Journal of Aeronautics,
(3): 145-163.

(3] 4557, XIAREL, VKR, 4%, Dlueyd A 4ot i in 3

PRI AR LT]. ARG TR, 2021, 29(4)
916-931.
XU F, LIU J H, SUN H, et al.
vessel detection using optical remote sensing image[ J].
Optics and Precision Engineering, 2021, 29(4) . 916-
931. (in Chinese)

[4] BOCHKOVSKIY A, WANG C Y, LIAO H Y M.
Yolov4 : Optimal speed and accuracy of object detection

Research progress on

[10]

[11]

(12]

[13]

[14]

[15]

[ DB/OL]. (2020-04-23) [2020-04-23].
arxiv. org/abs/2004. 10934.

LI C, LI L, JIANG H, et al. YOLOv6: A single-stage
object detection framework for industrial applications
[ DB/OL]. (2022-09-07) [ 2022-09-07 ]. https: // arxiv.
org/abs/2209. 02976.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: single
shot MultiBox detector [ M ]. Cham:
International Publishing, 2016, 21-37.
GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich

feature hierarchies for accurate object detection and

https: //

Springer

semantic segmentation [ C ] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
New York: IEEE, 2014 . 580-587.

GIRSHICK R. Fast R-CNN [ C] // Proceedings of the
IEEE International Conference on Computer Vision.
Santiago, Chile; IEEE, 2015; 1440-1448.

XN, TEYE, skokik, 4. Bt YOLOVS i1 i 4]
BRI TELT]. PHRALT RS R, 2023, 59(10)
253-261.

LIU T, DING X Y, ZHANG B B,
YOLOv5 for remote sensing image detection [ J ].
2023, 59

et al. Improved
Computer Engineering and Applications,
(10) : 253-261. (in Chinese)

SR, RIEH, BER, %, HF cosSTR-YOLOVT )
Z RN BRI LT . A S 19,
ZHANG X, ZHU Z W, GUO Y Y,
remote sensing small target detection based on cosSTR-
YOLOv7 [ J].
Chinese)

SUI D L, LEI Z, WEN W W.

detecting small target in remote sensing image [ C] //

et al. Multi-scale

Electronics Optics & Control; 1-9. (in
Improving SSD for

Proceedings of the 2020 Chinese Automation Congress
(CAC). Shanghai, China; IEEE, 2020 567-571.
XIE X, CHENG G, WANG J, et al. Oriented R-CNN
C] /2021 IEEE/CVF International
Conference on Computer Vision ( ICCV).
QC, Canada; IEEE, 2021 3500-3509.
X, Wk, BBEEE, 5. JET CenterNet fY Uik iE
JETERE FL BRI ()] 18 B R 5 0, 2023, 38
(5): 1081-1091.

LIU X, HUANG J, YANG Y W, et al. Improved remote

sensing rotating object detection based on centerNet[ J ].

for object detection [

Montreal ,

Remote Sensing Technology and Application, 2023, 38
(5): 1081- 1091 (in Chinese)

JEEPS, w5, IhFE. Bk Oriented R-CNN F 3% 8%
ﬁ’&ﬁ%?ﬂ?*vf;&{mﬁ%[ﬂ- HREHL TR S N,
2024, 60(1-15) ; 307-317.

ZHOU G Q, HUANG L, SUN Q. Fine-grained detection
method for remote sensing ship targets with improved
oriented R-CNN [ J ].
Applications, 2024, 60(1-15) : 307-317 (in Chinese)

KT, AN, RS, S BETEE JILE] r RE A
Gl AAr sk (], Bot 5oth 7 it e,
2022,59(24) ; 192-200.

Computer Engineering and



146

S E B

55 48 55 3 )

[16]

[17]

[18]

[19]

ZHANG Y, MA J, CUL J W,

detection algorithm for remote sensing image using

et al. Rotation target
attention mechanism [ J ]. Laser & Optoelectronics
Progress, 2022,59(24) ; 192-200. (in Chinese)

BO Z, LU Y Y. Improved YOLOvVS in remote sensing
slender and rotating target detection[ C] // 2022 IEEE
International Conference on Electrical Engineering, Big
Data and Algorithms ( EEBDA ). New York:; IEEE,
2022 918-923.

WANG C Y, BOCHKOVSKIY A, LIAO H Y M.
YOLOV7 .
art for real-time object detectors| C] // Proceedings of the

trainable bag-of-freebies sets new state-of-the-

IEEE/CVF conference on computer vision and pattern
recognition. New York: IEEE, 2023 . 7464-7475.

YANG X, YAN J.
detection; Classification based approaches revisited[ ] ].

2022, 130

On the arbitrary-oriented object

International Journal of Computer Vision,
(5) . 1340-1365.

HU J, SHEN L, ALBANIE 8,
excitation networks [ C ] // Proceedings of the IEEE

et al. Squeeze-and-

(20]

[21]

(22]

(23]

Conference on Computer Vision and Pattern Recognition.
Salt Lake City: IEEE, 2018 7132-7141.

YANG L, ZHANG R Y, LI L, SimAM: a
simple, parameter-free attention module for convolutional
neural networks [ C ] // Proceedings of the 38 th
International Conference on Machine Learning. New
York: PMLR, 2021 11863-11874.

LIU Y, SHAO Z, HOFFMANN N. Global attention
mechanism: Retain information to enhance channel-
spatial interactions [ DB/OL]. (2021-12-10) [ 2021-12-
107]. https: // arxiv. org/abs/2112.05561.

XIA G S, BAI X, DING J, et al. DOTA: a large-scale
dataset for object detection in aerial images[ C] /2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City: IEEE, 2018 3974-3983.

ZHU X, LV S, WANG X, TPH-YOLOVS5 ;
improved YOLOVS based on transformer prediction head

et al.

et al.

for object detection on drone-captured scenarios [ C] //
Proceedings of the IEEE/CVF international conference
on computer vision. New York: IEEE, 2021 . 2778-2788.

D

0 0 D D

(E#E%E 136 M)

[14]

[15]

[16]

(17]

(18]

LAI P, LIU Y, ZHANG W, et al. Intelligent controller
for unmanned surface vehicles by deep reinforcement
learning[ J]. Physics of Fluids, 2023, 35(3) ;1-11.
SRAAN, BRiky, XBIL. ik TD3 S AE L Hl PID
el R L] P BRG], 2024, 33
(5) :262-270.

ZHANG M J, CHEN Y J, DENG J. Application of
improved TD3 algorithm in motor PID controllers [ J].
Computer Systems & Applications, 2024,33 (5) :262-
270. (in Chinese)

BB, BT R RE S U TR R Al AT 1Y
REHIZERLT] A5 B SF (BRIS M) , 2023, 35(5) .
186-193.

LV ] X, GE W C. A review of the application of deep
reinforcement learning in the field of intelligent
manufacturing[ J]. Information & Computer, 2023, 35
(5): 186-193. (in Chinese)

R, XU, HEATRE, ST I 5 Al s o) Y R A R

PEREFE L2k [ ].
1853-1882.

CAO H Y, LIU X, DONG S K,
interpretability

T H Pl A2 i, 2024, 47 (8)

et al. A survey of
reinforcement

2024, 47

research methods for
learning[ J |. Chinese Journal of Computers,
(8):1853-1882. (in Chinese)

XU, XUATPE, R, A5, smAk2y ] A R L
[ R AR FTTIELER [T ], i, 2023, 34(5) .
2300-2316.
LIU X, LIU S Y, ZHUANG Y K,

et al. Explainable

[19]

[20]

[21]

[22]

[23]

reinforcement learning: basic problems exploration and
method survey[ J]. Journal of Software, 2023, 34 (5) .
2300-2316. (in Chinese)

Wrar, BN, MBME, 55 AWRHIR BRI b B i
AT PID fERAERILT ] 20 TR, 2015, 22 (31
1): 89-93.

CHEN Q, ZHAO B C, SHANG J M, et al. The constant
current control of anti-scaling descaling device based on
incremental  digital PID controller [ J ].
Engineering of China, 2015, 22(Suppl. 1) : 89-93. (in
Chinese )

FOSSEN T. Handbook of marine craft hydrodynamics
Sussex: John Wiley & Sons

Control

and motion control [ M ].
Lid, 2011.

WEERIR, B e, YRR, 2. JET Q-Learning 574k
AJC A HLZS SHL s e SR TS [ ], W5 4l
2023, 30(5): 16-22.

YAOP Y, WEI X L, YU LL X,et al. Research on UAV
air combat maneuver decision based on Q-Learning
algorithm[ J]. Electronics Optics & Control, 2023, 30
(5): 16-22. (in Chinese)

HAARNOJA T, ZHOU A, ABBEEL P,
entropy

et al. Soft

actor-critic;  off-policy =~ maximum deep
reinforcement learning with a stochastic actor [ C] //
International ~ Conference on  Machine

Stockholm, Swedn; PMLR, 2018:2976-2989.
CUI Z, GUAN W, ZHANG X. Collision avoidance

decision-making strategy for multiple USVs based on

Learning.

Deep Reinforcement Learning algorithm [ J ]. Ocean

Engineering, 2024, 308 . 118323.



