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Ship Detection Algorithm Based On Ghost Convolution
Multi-scale Feature Fusion
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Changsha 410114, China;
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Abstract: With the continuous development of ship target detection technologies, ship targets have low visibility under
adverse weather conditions such as fog., rain, and snow, which leads to incomplete feature extraction of the model and a sig-
nificant decline in detection performance. To address these issues, a lightweight target detection model, GSPN-YOLO, is
proposed. Based on the YOLOvV8s architecture, the ordinary convolution in the backbone network is replaced by the Ghost
convolution, and the C2f module is replaced by the GhostNCSP module. This approach reduces the computational load while
improving network accuracy. In the neck network, a channel-rearranged multi-scale feature pyramid is designed, which sig-
nificantly enhances the representation ability of multi-scale features. Experimental tests show that on a self-made dataset,
compared with the baseline model YOLOv8s, the GSPN-YOLO improves the AP@50 : 95 by 2.1%, the AP@ 50 by
2.7%, and the AP@75 by 2.5%, respectively, while the number of parameters is reduced by 45. 5%. Moreover, this al-
gorithm is superior in detection performance to state-of-the-art (SOTA) target detection algorithms such as YOLOv10s and
YOLOvlls. meeting the application requirements of ship detection under complex weather conditions.
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GSPN-YOLO 65.5 90. 9 73.5 6. 06

O T L UL M JE O i 1 933 GSPN-YOLO 5 % |
SEAE H PRI OR B 25 5. (8 B BOE SR B EAT T
K2 SR i AT AL R o HARZ R 7 s . Hoh
AMEZ R IR H AR . B AR —F1 2 YOLOv8s 5k iy
R 2 2R, 5 — 3% YOLOvILs Bk f il iy 45 28 . 5
= 3J& GSPN-YOLO Sk kI p 45 R . i 26 — A7 F 26
AT BT X RGOS W 4R A AT, fE W R TR

YOLOv8s Fl YOLOv1ls 8L T IR B 4, BB Ghost-
NCSP 2 He 5 $2& TH R )RR AE 42 BRE 71 . b 5 =47 B4 )
X A I 25 5 R AT, GSPN-YOLO {35 25 5 55 i M1
BE, UiB SFPN R4 fil G W 45 w] DL 3G 5 () 4% (1) 3% 1iF Ag
3 PRSI AT R G R 2 SR A R AL, 7 P A
H BRI K 37 5. YOLOvSs 1 3 &2 K I 9 1% 00 136
WY T 42 S5 A X T YOLOvVSs 83 X% &2 4% H Ar A il
BORAE T RET . L. AXHEREESLRE =T
X AR O AT e 1 RS A SR

7 AR Es SRR L

2.6 HBEICIS

DL YOLOvSs Jy LRl AR, 2% 4 /R T GSPN-YO-
LOM W@ scm g5 K. mR 4 vl A7, 78 TREmA
Ghost fi#tJ5, & TAEAFBRE IR, FESEE
BT —Emd, FU Ghost L o fiff 4P 28 4 A
A FRAE R AR BT 22 FR AR (B, A 35T O A A 1Y 45 TR
2, WA TR AR, B T RER A Sk, Al
T ® 2% in A Ghost B3 Fil GhostNCSP #& 3 fi5 . K i &
TEPRA BT T M, S 50m R KRR 76. 1%, 3 a5
BITEG] A GhostNCSP 5 fil SEPN B35, #RDKS B2
RIAE, HEBHEAR T RER . SRR AEG A
Ghost BiHe fil SFPN B 5, #A AP@50 : 95 fH L A&
WERLRR T T 100, MR SHERWAT 28%. e, 7
AT A et Bt 5, B8 AP@50 ¢ 95 A1 AP@50 #§
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TS AL A 5 45

34k

PRIZE) TR, SRS T RAR. 4 S ATETERE A

VORI AEZ M U T AP . 28 B TiR . AR SCHR

P14 B 7 1 24 RE AT S0 R S 4 TR U A A R DK
x4 RS

A Ghost | Ghost AP@50 | AP@ | AP@ |Params
P SFPN
Conv | NCSP $95/% |50/ % |75/ % | /M
YOLOVSs 60. 3 85.3|66.2 | 11.12
N 62. 4 87.3|70.2 |10.43
N N 60. 9 84.9 | 68.6 | 8.47
N N 60. 5 86.1 | 65.5 | 6.79
N N 61.3 88.2|67.6 | 8.01
N N N 62.4 88 68.7 | 6.06

K 8 /s T RUEM BIAE S| A GhostConv, GhostNC-
SP fil SFPN # 5t 5 GradCAM #7 E 25 4k . #4 [& o
A 20 5 B S R T R A AR 3R Bl X IR X T S H R 2 i
B B R R s X T 45 R s K . A
R LB H . 8] A GhostConv ik J5 . #L50 %f 38 4 H kr
BT O 25 R B i A GhostNCSP 5k 5, B 8k it
H bR 0 & B i T R, ERE R G 2 800 K s b s B
Jes gl SFPN BEH S . BERSX ER i 45 4 B AR & 3
I B O . X 2R B GSPN-YOLO # #Y §8 4% 76 &2 24
5 o A S0 R AR I UMER E O H AR .

YOLOv8s +GhostNCSP

+SFPN

GSPN-YOLO

K8 ) FEIBCRRT L

3 HRiF

FEMR AR I SR, RS AR R EREE
e HAZ RAE 5035 . T 22 28 T TR B 27 T 114 I 4% A 7R
W3R 1 S AR PR . BT RRE AN R R, fR T
— 3 T R BRI T HE A S N 2 RO RRAE & E
B B 96 44 A2 ) GSPN-YOLO, 1 %%, GSPN-YOLO ff
GhostConv 4 T 32 T W 26 o i1 538 45 8L, 4R )5 R A
AT BL PR 2R 1k 45 1 A B0 A0 1Y) A R AR A TR . 3K S i R AE
&5 97 i R AE B B AT AL 568 . (EIHR A HI R
KBEM. HK, GSPN-YOLO 7 £ F & Hh 5] AT
GhostNCSP #i 8, 3 10 25 A W R & B sk 235 45, 7%
Vol /D AR 2 B 1 ) B R T T BB R SN . e,
TR AR A GE 2 RO R AR A s .l R AE

A P2, BB R R I Sk, BE R T 2 R RRAE 42 AR
Jio SEEUEW . GSPN-YOLO 75345 KA N A W Y
R0 P RE AN Pk LA B D S0, ) HA AR A1
ZALRE S . KRR TAERG S AL R i 4, it 2
BOSRLGHOR . 38 B i A I M B
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