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Multi Frame Image Super-resolution Reconstruction Technology
Based on Campus Monitoring

CHEN Liang ,LIANG Xuanhao

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract; To solve the problem of low quality and insufficient detail information in campus sur-
veillance videos,a multi frame image super-resolution reconstruction technique with added auxiliary
mechanisms is proposed based on the BasicVSR network model. Firstly , the BasicVSR network with
a bidirectional loop mechanism is chosen to ensure the diversity and coherence of information trans-
mission. Secondly, an auxiliary mechanism is added to the image registration module to obtain key-
frame features and correct the feature maps of the backbone network. This auxiliary mechanism to
some extent solves the information error in long-term image transmission and reduces texture falsifi-
cation. Finally ,using early image fusion methods, the feature images of the forward and backward
branches are fused into new features and reconstructed using sub-pixel convolution. The compara-
tive experimental results of a self-made campus monitoring dataset show that the improved model
has a 1. 51 dB increase in peak signal-to-noise ratio compared to the original model, which im-
proves the clarity of monitoring videos and has good application value.
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Fig.1 BasicVSR network structure
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Fig.2 Early fusion network structure
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Fig.3 Image registration network structure
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Fig.4 Auxiliary mechanism network structure
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Table 1 Experimental environment
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BAERGE Linux
PULIE Tesla V100
PIAFZE TR HBM2
EXUE Tesla V100-SXM2-16 GB
WS PyTorch 1. 10. 0, Python 3. 8
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Table 2 Network experiment parameters
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Table 3 Comparisons with other methods
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DUF "] 18.37 0.5912 974 5.8
RBPN2 20. 81 0.6197 1507 12.2
EDVR 20.92  0.628 1 378 20.6
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Fig.6 Comparison of reconstruction results of

different models
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