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Tab.3 Comparison of different lightweight algorithms on public dataset
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FAE R ResNet50 60.4 334.1 23.9 92 23.7
FPGM!'? 58.3 244.0 17.3 67 13.8
Taylor!?! 57.3 248.6 17.6 68 14.0
153 AGPL2! 57.3 241.9 17.5 68 14.2
NetAdapt(2?] 57.4 301.0 16.5 64 15.0
AutoCompress(?) 40.7 292.5 18.1 70 14.3
FP16 60.4 334.1 23.9 47 0.98
=g ARd. INTS 60.2 334.1 23.9 25 0.99
Mix 60.2 334.1 23.9 36 0.89
FPGM + FP16 58.3 244.0 17.3 35 0.92
FPGM + INTS8 57.7 244.0 17.3 19 1.65
FPGM + Mix 58.3 244.0 17.3 35 0.90
Taylor + FP16 57.4 248.6 17.6 36 0.90
B + Bk Taylor + INT8 57.0 248.6 17.6 19 1.53
Taylor + Mix 57.4 248.6 17.6 36 0.92
AGP + FP16 57.3 247.9 17.5 36 0.91
AGP +INT8 57.1 247.9 17.5 19 1.77
AGP + Mix 57.3 247.9 17.5 36 0.92
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Abstract: The unmanned system in interplanetary exploration has the characteristics of limited storage, computing
power, energy and so on. The perception, localization and decision-making algorithms based on deep neural net-
work can effectively improve the intelligence level, but these algorithms generally require huge computing power,
which is difficult to be directly applied to unmanned systems. Therefore, this paper reviews the existing lightweight
methods including pruning and quantization, and makes a quantitative analysis on public dataset. Furthermore, this
paper proposes pruning and quantization solutions, establishes a lightweight computing sofiware StarLight, realizes
rapid lightweight and evaluation of deep neural network, and solves the problem that the deep model is difficult to
be directly applied to resource constrained systems. Finally, based on StarLight, various models used in the Mars
rover are compressed, and deployed in the embedded platform; under the premise of ensuring performance, the
power<15 W, CPU frequency <1.2 GHz and storage <1 TB. Experiments show that the software can meet the
lightweight requirements of resource constrained systems, and builds a foundation for further improving the intelli-

gent level of unmanned systems for interplanetary exploration.
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