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Abstract: To address the challenges of missed and false detections in ship image target detection tasks
caused by diverse ship target scales and complex background environments, a DSAMPN-YOLOv8n algorithm
model for ship target detection was proposed. The model introduces dynamic snake convolution ( DSC) and sim-
ple parameter-free attention mechanism to enhance the YOLOv8n network’s ability to extract and integrate fea-
tures in complex environments. Additionally, a multi-scale asymptotic feature pyramid network ( AFPN) was

constructed to facilitate multi-scale feature exchange, improving feature fusion and enhancing the model’s capa-
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bility to detect ship targets of different scales. The proposed algorithm model was experimentally validated using
the Seaships dataset. Results showed that, in comparing with those from the YOLOv8n algorithm, the optimized
DSAMPN-YOLOv8n algorithm achieves improvements in precision, recall, mAP@0.5 by 6.0%,6.7%,3. 6%,
respectively. These findings validate the accuracy and effectiveness of the proposed method.

Keywords: ship targets; object detection; YOLOv8n; feature extraction; feature fusion
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Fig.9 Comparisons of training curve from the ~ V/ vV vV 89.4 94.7  97.5
improved YOLOv8n_AFPN model VvV VvV V.oV 937 95.2  98.7
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LEOORAE, LRSI AL T A X K RE AR THRUR . H 2Bl %
BRESTERTEE . B PR mAP@ 0. 5 55 2 J5 1 L e AP, A SCJR 2248 ) DSAMPN-
YOLOv8n %7 Fe 2 sttt B AR A
2.4 FtEE LR

Faster R-CNN 10 M BoRiMIAE AL A CRAA:, 76 BARRIAE 55 rh R I B 47 Ao i
RO, YOLO Hofth 22 571 B 6 1 Ak 80 30 A 42 BE 0% B A %o BU AR S e o8 38092 A 4G I 3852,
SACAM-YOLOv5 ., MED-YOLO A H At ele i (A B pnA i 35 . ik, #BACE RS
Faster R-CNN, YOLOv5n, YOLOv6n, YOLOv7-tiny., YOLOv8n %4 vE7EAH [H] 4145 F 47 %t
FLass, dE— PPN IRIEAS SO i B ARKE I PERE, 45 Rk 4 R, ME4 AL, 5
HoAl HARG A AR, DSAMPN-YOLOvSn 7EASE . A 03K | mAP@0.5 IR,

T BAEAR SCHE H ) DSAMPN-YOLOv8n 3k 7E M AR B AR A AT 55 rh i A Rk,
5 ZA B0 AR B ARSI 5 2 EAT X HE, A 35 et 3 1 DX 3 ) Bl o A e I 4 1)
MS-SOD'"™ | B i) YOLOVS M H AR 7 | 3T YOLOVS (/s H s Jr k)
Ml SAF-YOLOX "4 X He 4Nk 5 iR,

x4 BHEESHMBMONE LG LRI
Tab.4 Comparisons of experimental results
from the improved algorithm and those from
other object detection algorithms

x5 BUHEESHMARMGNEELRERIIE
Tab.5 Comparisons of experimental results
from the improved algorithm and those from
other ship detection algorithms

. % A %

FEHY 2 R P R mAP@O.5 AT 24 B P R mAP@O.5
Faster R-CNN 92.7  94.9 96.3 SAF-YOLOX 95.2 94.1  93.2
YOLOv5n 82.4  94.2 96.7 WA YOLOVS fifi B ARG Jii: 88.5 98.3 —
YOLOv6n 83.9  94.0 96.5 BUHET KA SR E MY — — 98.0
YOLOV7-tiny 87.4  91.0 91.9 T YOLOVS WAV BFsa ik — — 95.9
YOLOv8n 87.7  88.5 95.1 MS-SOD - - 62.3
DSAMPN-YOLOv8n 93.7  95.2 98.7 DSAMPN-YOLOv8n 93.7 95.2  98.7

H12¢5 A%, DSAMPN-YOLOv8n 7F mAP@O0. 5, A5FF . 3 [H% 3 MNMghr ¥k
5, JLHAE mAP@O. 5 $5br LS R, BERHAS SO R BRORIE T 8y R TIDRS B,
HA& R0 4 [HRE

S HIE DSAMPN-YOLOv8n B3k e SEBRM FH Hh 38 A, JUHAEZ 22 B b i R 8
A SO AE Th R B A AR P G . 22 RO AR GRS 2 4= A0 R84 3 sk B
AREERE 2 EE, A SO ZR AR S8 T HERR S, &1 10 /2 YOLOv8n
5t DSAMPN-YOLOv8n BIMHAR B AR m] AL XS et 53

551 sEARAREMR A 3 i S, AR o AR . YOLOv8n BEAY A
MZEHR R 4 EEE G, IR HAGIHE 2RGSO ; DSAMPN-YOLOv8n [yl 45
ol 3 MR O A, HACIAEVE MR, A SEPRIE DL,
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552 skAANEMR I 5 AT, HoboE 1R A L 1 RO . 3 /N
iy, MZ REMARES . YOLOV8n ABI ARG TN ZE 5 1 8 6Ty . 1 B, iz
JUBE AR G IRAS T B ; DSAMPN-YOLOv8n FoAG I 4% SR 4 5B 1 Ay, L AG I ATE 335 BT 5 4%
FFE LR,

553 SRR A 1 R ST, R A%, YOLOv8n REA YR I ZE R 1 8%
iy, IR RS B T ARG TS 0 ; DSAMPN-YOLOv8n ARG 45 50 Sy 33 F Ay, ELAG A 35
Miroe s, F56 SLPRIEN .

a) Seaships b) YOLOv8n c) DSAMPN-YOLOv8n

10 YOLOv8n 5t &% DSAMPN-YOLOv8n B AT #1443 bk SE 36 45 R
Fig.10 Visualization of comparative experimental results between YOLOv8n
and the improved model DSAMPN-YOLOv8n

3 g

BT 205 50 T TR 2 ROE MO A 5 K | Uizl R, A ScH il 17— Akt g B
FRAGIN 777 DSAMPN-YOLOvSn,, FHBGHER) C2f_DSC FEEREAR C2f fide, s
BARAE, SRS AR SR EEE /)5 RN SimAM MR S A R 0T L R A
PEE AN ARG B, ARE B MG R AT HARX I, 25 AR, 5IA AF-
PN 254, 3L A I8 R 25 Al A VR 245 B RRIF A TR, S8 2 RUBERRAE B A LA K2 A
H Al i RO 25K, SO H AR ks MRl SEEe 45 R R W], DSAMPN-YOLOv8n 5%
RURE6E T 47 58 SR B AR AT 55
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