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2.4 FNRZKIESCIG ST

TSI R B, NIRRT B RO T AL R
FEA B RN, AR SCi% BN [R] I 25 1AL R B0 AT 0
Esie, ¥ ZFAE 0.5 1. 1.5 21/E 441 sL56)
DA, SEIEE W3 .

FAh, PSRRI R, SRR [
R SRR, Ui E B AR R BT 5 A
FRAEAE BRI — @ R . 4 KRB A 18151
AR R E, HA U REONE, KR E AL R
BN 1S IR IIRS BEAR T 0.1%,  E 2 HAR B AER 24

X 1 1.8%, = A EL AT B v ) A SR AR N B AR Y
H el AR, R WP LE g R A A T TR I A, i
AL AS I E BE S 58, Pt DAA SCEE AU R B0 8 e
HISLIR 24

#z3 ZEIEXftbse

Table 3 Comparative distillation experiments

PERY PI% RI% mAP50/%
0.5 78.8 74.4 83.1
1.0 79.2 74.1 83.6
15 77.4 75.5 83.7
2.0 78.6 74.9 83.3
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Table 4 Ablation experiments
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Fig. 9 Comparison of data before and after improvement
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Table S5 Model comparison experiments
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Visualisation comparison chart

A mAP50/%  Parameters FLOPs/G Size/M  FPS
Faster-RCNN 73.7 137 457 896 360.6 260.0 33.0
SSD 76.4 26 074 564 67.2 52.0 60.0
RT-DETR-L 80.9 28 445 315 100.6 56.3 100.0
RT-DETR-R50 81.5 41936 736 125.6 82.0 116.0
MobileNetv3 77.4 1658 749 2.2 3.5 98.0
NanoDet 72.2 977 484 1.4 2.0 104.0
EfficientNet 74.6 4270434 3.1 6.1 91.0
YOLOvV5n 81.1 2 544 652 7.2 5.1 131.2
YOLOv7 82.6 37 196 556 105.1 73.1 56.4
YOLOvV7-tiny 80.8 6015478 13.3 12.6  127.1
YOLOv8n 81.9 3005 843 8.1 6.1 1492
YOLOvS8s 83.2 11 125971 28.4 22.0 1299
YOLOvV9 81.4 7167 475 26.7 14.9 65.4
YOLOv10n 82.1 2 694 806 8.2 5.6 237.1
YOLOI1n 83.4 2582347 6.3 54 108.5
YOLOv8-LMD 83.6 689 374 2.6 1.5 106.1
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Lightweight Mars Surface Rock Detection Algorithm Based on Improved YOLOv8n

3

DAI Juan"*’, LIU Jingwei"*’, SU Zhong"*®, ZHU Cui'

(1. University of Beijing Information Science & Technology Beijing Key Laboratory of High Dynamic Navigation Technology, Beijing 100192, China;
2. Key Laboratory of Modern Measurement & Control Technology, Ministry of Education, Beijing 100192, China;
3. School of Automation, Beijing Information Science & Technology University, Beijing 100192, China;

4. School of Information and Communication Engineering, University of Beijing Information Science & Technology, Beijing 100192, China)

Abstract: Due to the demand for safe obstacle avoidance in the autonomous navigation of Mars rover in complex terrain and
the double constraints of computational resources and energy supply of the onboard platform, a lightweight detection model,
YOLOVS-LMD, was constructed, aiming at realizing the requirements of high precision and lightweight characteristics of the rock
detection algorithm on the surface of Mars. First, the lightweight backbone network was reconstructed based on the HGNetv2
architecture to realize the preliminary compression of model parameters. Secondly, a multi-scale feature fusion network structure
was designed, and the neck network was reconstructed by integrating slim-neck and ASF-YOLO to effectively improve the feature
characterization of rock targets at different scales. In addition, a lightweight detection head was designed by using the convolutional
sharing strategy, which reduced the computational complexity and enhanced the classification and localization accuracy at the same
time. Finally, a pruning algorithm was used to prune the model parameter redundancy to further compress the model, and the
knowledge distillation technique was used to achieve the compensation and optimization of the accuracy. Through experiments, it
is found that compared with YOLOv8n, YOLOvV8-LMD accuracy was improved by 1.7%, the computational amount was reduced
by 68%, the parameter amount was reduced by 77%, and the model size was reduced by 75%. Therefore, it can be concluded that
the model proposed in this paper is more suitable for the task of rock detection on the surface of Mars.
Keywords: YOLOv8n; Mars surface detection; light weighting; channel pruning; knowledge distillation
Highlights:
o A lightweight backbone network was designed to achieve initial compression of model parameters.
e A multi-scale feature fusion network structure was designed to effectively improve the feature characterization of rock targets at
different scales.
e A lightweight detection head was designed using a convolutional sharing strategy to effectively reduce computational complexity.
e Structured pruning was performed on the improved model to further compress the model.
e The accuracy of the pruned model was adjusted using a knowledge distillation algorithm to bring the model performance to the
desired level.
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