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Abstract: For the problems that, in the collaborative intelligence framework, the intermediate
feature data of machine vision tasks is large and difficult to transmit efficiently, a multi-scale
image feature fusion compression algorithm was proposed. Firstly, a cascaded residual transfor-
mation module was designed according to the multi-scale features output by the deep learning
model on the edge device, the redundancy of multi-scale features was eliminated by stepwise sub-
traction of features of different sizes, and the residual features were compressed to a unified size.
Then, an autoencoder was designed to eliminate the statistical redundancy of compact features by
arithmetic coding. Next, a prediction and reconstruction module was designed on the cloud
according to the compact features of decoding to generate the prediction features, which were
combined with the residual features to accurately reconstruct the multi-scale features. Finally, a
joint optimization function was built for the collaborative optimization of the modules including

residual transformation, autoencoder, and prediction reconstruction, thus achieving the optimal
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trade-off between transmission bit rate and information representation ability. The simulation

results show that the proposed algorithm has not only the largest feature compression ratio, but

also the most complete reconstructed features in the space compression, and that when the trans-

mission bit rate is 0. 1bpp, the model accuracy of the proposed algorithm is improved by 8. 57 %

and 3. 87%, respectively, compared with the image coding algorithm VVC and the feature com-

pression algorithm MSFC. This study can provide technical support for the coding framework of

machine vision, and has certain value in engineering application.

Keywords: feature compression; image coding; deep learning; multi-scale feature; autoencoder
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Fig. 1 Overview of joint compression algorithms for multi-scale features
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Fig. 3 Network of the residual transformation module
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Fig. 4 Basic structure of the residual block
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Fig. 5 Autoencoder network for features
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