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ABSTRACT

In this study, we propose an innovative technique to perform high-resolution color image interpolation using a multispectral
convolutional neural network (CNN). This method seeks to minimize color distortion and loss of detail that occur in the proc-
ess of converting low-resolution images to high resolution. Our CNN model uses diverse spectral data as input to more accu-
rately identify complex texture and color correlations within images. This creates high-resolution images with clearer, more
natural colors. To achieve improved performance, super-resolution networks typically include a large number of layers and
parameters, which limits their application in mobile devices. To solve this problem, we propose a nested back-projection
feedback network for lightweight image super-resolution for mobile embedded systems. First, it uses back-projection feed-
back blocks and connection feedback to efficiently learn detailed features at various levels of the network. Second, we mini-
mize restoration errors by proposing nested back projection suitable for lightweight networks. Finally, we propose a fusion
attention module to pay more attention to information-rich features. Experimental results showed that the proposed technique
showed improved visual quality and color accuracy compared to existing single spectrum-based methods.

Keywords: CNN, super resolution, network, deep learning
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Table 1. Benchmark methods for comparison

# Reference Method

1 [19] Adaptive filtering for CFA

2 [20] Variance of color differences

3 [21] High-order interpolation techniques with a weighted median filter

4 [22] Edge strength filter 1

5 [22] Edge strength filter 2

6 [23] Effective color interpolation in CCD color filter arrays using signal correlation
7 [24] Geometric duality and dilated directional differentiation

8 [25] Deep joint demosaicking and denoising

9 [26] Deep Demosaicking: Adaptive image demosaicking

10 [27] Demosaicing based on directional difference regression and efficient regression priors
1 [28] Residual interpolation for color image demosaicking

12 [29] Local directional interpolation and nonlocal adaptive thresholding

13 [30] Bilateral Filtering and Directional Differentiation

14 [31] Neural Network for Edge-Computing Devices

©
Hgure 7. (a) Kodak dataset, (b) McM dataset (c) LC dataset (selected)

Table 2. PSNR (dB) and SSIM comparison on Kodak dataset

[19] [20] [21] [22] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31]
PSNR | 39.60 | 39.91 | 39.35 | 40.31 | 38.04 | 39.99 | 4045 | 37.71 | 39.75 | 40.82 | 41.00 | 4145 | 42.04 | 42.62
SSIM | .9847 | .9909 | .9927 | 9137 | .9883 | .993 | .9929 | .9818 | .9905 | .9939 | .9923 | .9937 | .9944 | .9948
Table 3. Title PSNR (dB) and SSIM comparison on McM dataset
[19] [20] [21] [22] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31]
PSNR | 34.94 | 3439 | 3496 | 33.83 | 3482 | 3411 | 3590 | 3625 | 3749 | 3745 | 36.75 | 36.93 | 37.62 | 38.71
SSIM | .9721 | .9807 | .9759 | .8990 | .9809 | .9804 | .9835 | .9631 | .9879 | .9822 | .9655 | .9868 | .9882 | .9898
150 2024.5
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