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= We propose a novel multi-scale residual
block (MSRB), which can not only detect
the image features adaptively, but also
achieve feature fusion at different scales.

= Hierarchical Feature Fusion Structure (HFFS)

We introduce a bottleneck layer which is essential for a convolutional layer with 1x1
kernel. The output of hierarchical feature fusion structure (HFFS) can be formulated as:
Fr =w*[My, M, My, ..., My]+b (9)

where M,, is the output of the first convolutional layer, M; (i # 0) represents the output
of the i MSRB, and [M,, M;, M,,..., My] denotes the concatenation operation.

Quantitative comparison

)

="We extend our work to computer vision
tasks and the results exceed most of state-
of-the-art methods in SISR without deep
network structure. MSRB can also be used
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Quantitative comparison of three different feature extraction blocks (residual block, dense block, and MSRB) on SIS




