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Abstract: To address the challenges of large parameter sizes and computational demands in existing ship detection
algorithms, as well as the fluctuations in detection results caused by scale and perspective variations, we propose an
improved lightweight inland ship detection algorithm, YOLO-LISD, based on YOLOv8n. First, an efficient feature-
sharing detection head, incorporating detail-enhanced convolution, is introduced to replace the original detection head,
improving detection consistency. Second, a slim-neck method is incorporated to optimize the neck network. reducing
the model size while maintaining detection performance. Third, a global channel-adaptive magnitude-based pruning
algorithm is proposed for depth compression, enhancing detection efficiency. Finally, a feature knowledge distillation
approach, leveraging spatial and channel correlations, is designed to improve the detection accuracy of the pruned
YOLO-LISD reduces the number of

parameters and computational complexity by 68. 4% and 56. 8% , respectively, while improving detection accuracy and

model. Experimental results demonstrate that, compared to YOLOv8n,
mAP50:95 on the SeaShips dataset by 1. 1% and 2. 1%, respectively. In practical applications, the detection speed of
low computing power equipment reaches 55 fps, meeting real-time requirements. Compared to other algorithms, it
demonstrates significant advantages. validating the superiority of the proposed method.
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Table 2 Ablation experiments
YOLOv8n + AP;.o5 = AR
JA?% : von - — P/% m 0: H _l—ﬁi FPS
EFSDH slim-neck ~ GCAMBP SCCKD /% /10° /G
1 X X X X 96. 8 78.9 3.01 8.1 1129.9
2 J X X X 96. 9 79.7 2. 36 6.5 1174.3
3 X J X X 97. 6 78. 8 2. 80 7.3 1094.7
4 N Vi X X 97.7 79.7 2.22 5.8 1135.1
5 N N/ N X 97.0 79.5 0.95 3.5 1377.7
6 N N J N/ 97.9 81.0 0. 95 3.5 1377. 4

T T 0 2 SR SR I L A SR B O R AE S T AR E A
Rk p i A AR RE AR T T I Y A T B EE .
S 1 JER T RLAT M B A YOLOVSn 325 Kl . 75 0
Ji G Ut T i S B0 5 SR A X R . SE IR 2 W RUR R AR
Sk B4y 1 SRR JE BRI 3k, 22 KRS R A L B 5 U
SR LS HCE 5 E R W 5 AR, T 2R 42 T
0.8%. SLHy 3 KR H GSConv M HifiT A A A 1k
S 0 265 #E 3E — 25 TR 45 1T S AR 19 ) 4 A o
B, BTG BT e 0. 1 HAE 2 2235 B . FPS AH
PLIELR ML FRE T 35, X & FWE A 4 B B RE N
5 1) 2 (G 388 00, DT 52 A TR f e T BB L RO K 5 T A
{33 —[a) B, Sz 4 FBA EFSDH #6903k ) i85 &+ 53 i
A RO Il slim-neck 1Y 23R &M, FPS [0 7+ % 1 135. 1,
YSUE T A M E T R R A, CH 5 R
GCAMBP 4 #4142 J=y i T8 11 38 N 8 FE BY B 5 W& 3 13 39 B
TUHREE SRR 38, SE IS o > 57, 2% T S RIS
39. 7% » KSR W B AR T SO I i o B AT s o e, fH L
TE R 0 T 45 5 05 3 1 4 1) S R TR RO . S2 R 6 SR
T SCCKD HFAF 75 18, 38 i 5 /N b 2 25 455 80 5 0 U 5 704
P3.P4 Il P5 24 H 22 1) 1 22 5 00 17 0 2, AT 2% =) 31 3
USSR (8 R AR SR B =, 38 S Ay O AR R (Y AT Oy, 2 A
BT BEA% 7 AR R R 0 2 B0 0 TR i 32 TP BE L A SR A T

SRS R R RIERE ) AR, B8 1 YOLO-LISD
il #R R 46 YOLOvV8n, 2 4 & R 4f 68. 4% (3. 01 M—
0.95 M), i1 & 2P 56. 8% (8. 1 GFlops—>3. 5 GFlops) .,
SRS I 48 b B B T AR DU M SRR T 1. 196 (96. 8%
97.9%) .mAP,, . $EE 2.1%(78.9% >81.0%), AKX
WU AR SR TR 4 5 R R R A L WD 4R
TG B S AR S5O 5 AR A A
2.5 xfLbsEIe

1) ASTR B S L 52 5

BT U ML B GE YOLO-LISD B9 4 #, A 3C ¥
YOLOv4 £ EAH YOLO RPN EAE x5t lxt 4, 78
LR R S5 1 SeaShips B HEAT T L4 X Lk . BESH,
R SCIA 5 e ST HE B AR I A B AT T PR REXT L

ATRLRIGE L S B g5 5k 3 r/n, YOLO-LISD /Y
HERf 2R ORG E S8 T A R B IR R R /N AR AL T At
YOLO FAVE K T 2 i P s ASE 10, 5 1 e o Tl Ao A0 s ) 4
RAER A BRI AT B L bR oK .

2) [R5 A% ZE P RE X L

X HL B B AL R T AR A 4 BEOR W] BL 49 06 A7 B A
ST LR RN 4 BTN, HFE 4 w0, B BT RR 192 A R
1R B ) S B0 R B R R D (R R T R O R
EFRE, MR RN 33. 3% I, B A mAP,, ... {H R
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Table 3 Comparison of different detection algorithms

P mAP;u;sys %ﬁi ﬁ'ﬁ:ﬁ *ﬁﬂﬁg 7

H Y .
/% /% /10° /G /MB
YOLOv4-tiny 91.8  69.2  5.89 16.2  22.5
YOLOv5s 95.7 77. 4 7.03 15. 8 13.7
YOLOv7-tiny 95.3  73.2  6.02 13.1  11.7
YOLOv8n 96.8  78.9 3.0l &1 6.0
YOLOvY-t 96. 9 78.8  2.80 11.7 6.3
YOLOv10n 94.3  76.8  2.70 8.2 5.5
YOLO11n 95.9  77.6  2.58 6.3 5.2
Scwk[22] 97.6 — 2.65 7.5 —
k23] 95. 4 73.0 2. 32 6.5 —
Sk 24] — 76. 8 8.8  23.5 —
Hk[25] 97.4  75.7  3.69 7.4 -
YOLO-LISD(ours) 97.9  81.0  0.95 3.5 2.4

R4 TEEREEREX

Table 4 Performance comparison of different pruning rates
BE%E P mAP,.,, SR AR —
/% /% /% /10° /G
base 97.7 79.7 2.22 5.8 1135.1
33.3 97.7 80. 3 1.11 4.3 1248.3
40 97.0 79.5 0.95 3.5 1377.7
50 96. 8 77.1 0. 89 3.0 1423.1
66. 6 96. 4 75.1 0. 86 2.7 1582.8

3) ASIA) ZE AR 1 e BUE PR REXT kb
B BT AR ST AR A kg 2 A SR, YOLOv8m AR by 2 Ui
PR, i ] SCCKD J7 3 5 F000 M 2% P3 . P4 il P5 Hin )2

R 7 SCCKD xi#5 8I 4 g¢

1 SCCKD Jr kit AT FiR 2R . %7 R o« F B
W0k S A5 2 1) FH 56 P 16 2 038 5 R AR 56 PR B 4%, 2 06 4%
RNk 5 FZE 6 i,

£S5 AE ofE3 SCCKD R K&
Table 5  Effects of different o values on SCCKD performance

a P/% R/%  mAP,/% mAP;,,05/ %
0 97.0 94.0 98.1 79.5
0.5 96. 8 95. 8 98.7 80. 3
1.0 97.9 94. 3 98.8 80. 3
2.0 97.7 93.9 98. 6 80.0
4.0 98. 1 94.0 98.8 80. 6
5.0 96. 4 96. 4 98.7 80. 5
®6 A[E PMEX SCCKD HRM M
Table 6 Effects of different p values on SCCKD performance
B P/ % R/%  mAP, /%  mAPs../%
0 97.0 94.0 98. 1 79.5
0.25 97.3 94.9 98.5 80. 6
1.0 97. 4 95. 4 98.8 80.6
1.5 98.1 95.0 98.8 80. 4
2.0 96. 7 94. 8 98. 3 80.2
3.0 96.5 95.4 98.5 80. 4

T EERF M, SCCKD 7 & Bt £ S50 o« 1 B I, B
5 AP TR ) 1 R . JLHLAE mAP50 Al mAP50-95 #5475 I
TR . SR, P 5L R $8 55 T BE 2 B8 2 85043 Ak o 20 3
By, X 2 T 43 [ AR 56 P 48 2 03 3 A S M40 2k 9 A R AR A
AR G B AR R AR AIE 2% 2] P= LR B R ), TS W) T 8 4
BREBEST ., 24 a=4. 0,p=1.0 I, E 25 RAmmhT,

M a=4.0,8=1.0 0}, ffi ] SCCKD X 2% 4 5% B i 17
MR ZE M, P.R. mAP;, Fl mAP.,.,; B4R 5 T 0.9%.
1.7%.0.9% 1 1. 5%, SLIAEHRINE 7 P,

kA

Table 7 Effect of SCCKD on model performance

LR P/ % R/ % mAP50/%  mAPs,.5 /% ZHE/100 IER/G HAER/MB
A A 98. 4 97. 8 99. 1 85.5 25. 84 78.7 49.6
A A 97.0 94. 0 98.1 79.5 0.95 3.5 2.4
YOLO-LISD 97.9 95.7 99. 0 81.0 0.95 3.5 2.4

2.6 REMAEZITESR

AR ICFHET PyQts BT I STEL T — 22 P A0 A &R
e, AR 9 FR . AR G0 SRR YA R 02k L A L A 2 L 4
AT Ab 4R S 7 A 45 SR G o T B S R B AR R
EMEFEFL.
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Fig. 9 YOLO-LISD inland ship detection system
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(a) Camera tracking ship detection results
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(b) Fixed camera detection results
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Fig. 10 Comparison of dynamic detection effect between YOLOv8n and YOLO-LISD
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