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Abstract: In order to solve the problems of large size, low efficiency, and high deployment requirements
for embedded devices of infrared multi-spectral ship targe detection models, a lightweight ship targe infra-
red multi-spectral detection model YOLOv8n-MFLW was proposed. Firstly, the model replaced the back-
bone network with a lightweight network, HGNetv2. Based on GSConv convolution, the modules of HG-
Block and C2f were reconstructed to reduce the model parameter count while retaining the model's feature
extraction and fusion capabilities. A self-adaptive sparse structured pruning algorithm, La-Depgraph, was
proposed to prune the model, leading to a significant reduction in the model’s parameters. Finally, an in-
termediate feature knowledge distillation learning strategy was employed to recover the accuracy loss
caused by pruning and enhance the model’s detection performance. Experimental results show that com-

pared to the original model, the improved lightweight ship targe infrared multi-spectral fusion detection
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model achieves a detection accuracy of 96.4% , an increase of 1. 2%. The model’s parameter count, com-

putational complexity, and memory usage are only 0. 9 MB, 3.5 GFlops, and 2. 3 MB, respectively, re-
duced by 88.1%, 81.2%, and 82.8%. Therefore, the proposed model is small in size and high in accura-

cy, it has a better detection performance and is capable for ship target detection tasks in complex environ-

ments.

Key words: infrared ships; multispectral object detection; lightweight; model Pruning; knowledge distil-

lation
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Fig. 3 Network architecture of infrared multispectral detection model
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Tab.1 Comparison of different backbone networks

Spectral Band Backbone mAP,,/% mAP., ./ % Param/M Flops/G MemFootprint /M
B3 Darknet 88.4 58.3 3.0 8.2 6.0
B3 FasterNet 87.2 57.3 4.1 10. 7 8.6
B3 EfficientViT 87.7 58.2 4.0 9.5 8.7
B3 HGnetv2 88.6 59.7 2.4 7.1 5.0
B3 GSHGnetv2 88.5 59.5 2.3 6.9 4.7

Fusion DarkNet 95.2 66.9 7.6 18.6 13.4
Fusion FasterNet 94.3 65.1 14.1 22.3 27.9
Fusion EfficientViT 94.6 65.6 13.7 19.7 27.1
Fusion HGnetv2 95.3 67.6 5.0 14.9 11.2
Fusion GSHGnetv2 95.3 67.5 4.8 14.6 10.7
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Fig.8 Impact of compression ratio on model performance
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Tab.2 Comparison of different pruning algorithms

Model Pruning mAP,,/ % mAP, /% Param/M  Flops/G ~ MemFootprint /M
L1-norm 80.1 50.9 1.47 1.3 3.3
LL2-norm 81.8 51.4 1. 39 1.3 3.1
YOLOvS Group-Slim 84.2 53.2 1.26 1.3 2.8
DepGraph 86. 1 55.3 0.39 1.2 0.9
La-Depgraph 86.3 55.7 0.37 1.2 0.9
L1-norm 80.3 51.2 1.25 1.7 3.1
L2-norm 82.7 52.1 1.16 1.7 2.9
YOLOVS Group-Slim 85.4 54.3 1.08 1.7 2.6
DepGraph 88.2 58.3 0.52 1.6 1.2
La-Depgraph 88.7 59.1 0.48 1.6 1.2
L1-norm 89.7 57.8 2.48 3.5 6.6
L2-norm 91.1 59.2 2.35 3.5 6.1
Ours Group-Slim 92.2 61.3 2.23 3.6 5.6
DepGraph 94.2 66. 4 0.96 3.5 2.4
La-Depgraph 94.9 67.4 0.90 3.5 2.3
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Tab.3 Comparison of different training set ratios
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F1 I, A A RS E Ry 96. 4%, A HL T 2 A T
BEET1.5%.
4.3.4 HRREH

S W3t A A B R AR B 6 B I R o, A
SCTE A [ B 1A A BCHE 4R L E AT TN Al s
B, i RN R AP, KbV T RR B
TiZB =" RR KRB . kT
DLA % A 2% 45 0 T DL 7E /b R 2
B iy [ R R T OB RY 0. 3% By IR B A
h T i — b TR G AR B, R 45 A Ak B A
B X BT U A S B AT B BT, 85 RS A

Ratio  Model  mAPW/¥0  mAPaw/20 o 2k A o B BE A 09 19. 196, (R R0 RS i
Teacher 95.6 70.1
7:3 Student 93.8 66. 2 R4 HBMELH
Distill-Student 95.1 69.6 Tab.4 Ablation experiments
Teacher 96.2 70-5 P pruning KD mAP, /% mAP,, /e Eops
8:2 Student 94.5 66.9 Net /M /G
Distill-Student 95.9 69.8 - - = 9.2 66.9 7.6 18.6
Teacher 96. 6 71.0 N, -  — 955 67.8 4.7 14.3
9:1 Student 94.9 67.4 v Vv = 9409 67.4 0.9 3.5
Distill-Student 96. 4 70.6 N, VN 96.4 70. 6 0.9 3.5
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TRET 0.4% o d . 38 b R0 7R 1R 0 A5 BT AL
Joi 1 2 AR R R 2 5] 0 AT AR KRR AIE 5L B ORG
FEAR T 1.5% .
4.3.5 L5 RE AN ARR 2k

REAE YOLOvS8n-MFLW #5851 (1) 47 &4 M, 7
SCORE 5 R B 2 ) R A R SSD512, Fast-
er RCNN & YOLO R F#EA7 Xf Lb S5, 5250 45
MR SPrR . 5T 2ot BRI A, YO-
LOv8n-MFLW £ & i) mAP,, F1 mAP;, ;53 51 $2

ml.2% 3. 7%, 28 E dtEEMNA S E
A3 2> 88.1%,81. 2% F182.8% . & ik Bt
KA AL YOLOvS8n A He , mA P, Ml mAP;, 53
PR 8.0% F112.7% , S8 TR RN
JH A 43 98 2 70.0%,57. 3% ,61.6% . 5 L&l
XA 25 46 1 4 ) YOLLOvS-CFT #f 1t , mAP,, Hl
mAP, 5l E 1.8% f 2. 1%, S8 H &
oA A S g > 93.9%, 91. 1%,
93.1%.
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Tab.5 Performance of different models

Spectral Band Model mAP.,/ % mAP., ../ % Param/M  Flops/G ~ MemFootprint /M
B3 SSD512 84.3 53.8 24.0 87.8 92.1
B3 Faster RCNN 86.6 56.5 136. 8 200.9 521.9
B3 YOLOv5n 86.9 56.8 1.9 4.5 5.0
B3 YOLOv7tiny 87.4 57.2 6.0 13.0 12.3
B3 YOLOv8n 88.4 58.3 3.0 8.2 6.0
B3 YOLOVS8s 90.0 60. 5 11.1 28.6 22.5
B3 YOLOv10n 87.9 57.6 2.7 8.4 5.7

Bl1& B3 YOLOv5-ACDF 91.5 63.4 8.0 12.7 16.1
B1& B3 YOLOv7-CMF 92.2 64.3 16.6 50.9 33.4
Bl1&B3 YOLOVS-CFT 91.7 63.8 11.5 28.8 23.1
B1& B3 Ours 93.5 65.9 0.7 2.5 1.6
Fusion YOLOv8n-MF 95.2 66.9 7.6 18.6 13.4
Fusion Ours 96. 4 70.6 0.9 3.5 2.3

71 : B3 is single-spectrum detection; B1 & B3 are two-spectrum detection; Fusion is four-spectrum detection.
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Fig. 10 Heatmap comparison
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Fig.11 Comparison of different model detection effects
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