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Abstract: Aiming at the problem that the volume of the convolutional neural network is large and the number of
the parameters is numerous, which is difficult to be applied in the resource-limited on-orbit scenario, an improved
pruning compression method based on knowledge distillation 1s proposed. The method adopts the mixed parameter
pruning based on both the weights and the channels for a trained network. It reserves the important connection of the
network and eliminates redundant information. Furthermore, the knowledge distillation method is used to guide the
retraining process of the network after pruning with the knowledge learned from the original network in order to restore
the loss accuracy. The VGG-16 classification network is tested on the remote sensing data-set. The results show that
the proposed method can achieve 16-18 times compression effect, and the network accuracy is reduced by less than
1%. This makes the on-orbit application of convolutional neural network possible, and has theoretical and practical
significance.
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Fig.3 Trimming a filter causes its corresponding feature map and associated kernel to be deleted in the next layer
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Fig.4 Before and after weight pruning, the network becomes sparse from dense
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Fig.6 Sensitivity of different convolutional layers to

channel pruning on the NWPU-RESISC45 dataset
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Tab.2 Knowledge

RESISC45 dataset,

distillation effect on the NWPU-
pruning 93.92% of the

parameters
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a= Ol AR ZER) 88.53 (v 1.16)

a=0.3,T=5 88.87 (v 0.82)
a=0.7,T=5 89.48 (v 0.21)
a=0.8,T=5 89.63 (v 0.06)

Tab.l1 Network comparison before and after hybrid
parameter pruning
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87.30 (v 2.39) 94.48
87.08 (v 0.78) 92.47
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82.92 (v 4.94) 94.44
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Tab.3 Knowledge distillation effect on the UC Merced

Land-Use dataset, pruning 93.78% of the
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