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Abstract: This research integrates learning mechanisms of weights calibration and multiple receptive
fields in SENet into UNet, working out USENet to achieve super-resolution in digital holographic phase
cell images. Structured with symmetrical topology and filtered with multi-scale, the model is trained to
improve the image rebuilding accuracy and the capability of generalization. So as to enhance the estimation
confidence in the region of interest, the weights calibration blocks are introduced to differentiate the
importance of feature map channels. With better visual effects and details, the experimental results
confirm that the average numerical score of structural similarity index on validation set has been verified
to improve from 0.770 2 to 0.942 7. According to the performances between experimental group of
USENet and reference group of network without calibration layer, the region of interests in global images
have demonstrated a further improvement from 0.965 5 to 0.970 3 by the block of calibration.
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Table 1 Approaches with 15 different combinations of weighted loss factors

1D a Proportion of L, B Proportion of MSE Y Proportionof L.
1 1 1.00 0 0.00 0 0.00
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4 0.025 0.65 1 0.35 0 0.00
S 0.02 0.60 1 0.40 0 0.00
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7 0.012 0.50 1 0.50 0 0.00
8 0.01 0.45 1 0.55 0 0.00
9 0.008 0.40 1 0.60 0 0.00
10 0.005 0.35 1 0.65 0 0.00
11 0.003 0.20 1 0.80 0 0.00
12 0 0.00 1 1.00 0 0.00
13 0 0.00 0 0.00 1 1.00
14 0.025 0.65 0.9 0.30 0.002 0.05
15 0.020 0.55 1 0.40 0.002 0.05
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Table 2 The performances of net in convergence interval on validation set with 15 different loss functions

1D SSIM_OPT SSIM_AVG MSE_OPTX10° MSE_AVGX10* PSNR_OPT PSNR_AVG

1 0.940 1 0.937 7 0.989 1.018 42.628 42.516
2 0.936 5 0.930 1 1.027 1.131 42.307 41.992
3 0.939 5 0.935 0 0.908 1.035 43.061 42.461
4 0.942 7 0.9398 0.847 0.862 43.403 43.308
5 0.941 1 0.9369 0.860 0.891 43.329 43.151
6 0.941 6 0.937 1 0.845 0.858 43.410 43.329
7 0.939 5 0.9377 0.841 0.858 43.436 43.332
8 0.940 3 0.935 4 0.864 0.882 43.293 43.175
9 0.939 7 0.936 6 0.837 0.846 43.457 43.406
10 0.937 0 0.9351 0.928 0.947 42.951 42.172
11 0.933 7 0.927 8 1.053 1.224 41.918 41.327
12 0.928 2 0.919 2 0.912 0.990 42.948 42.689
13 0.928 5 0.920 1 0.994 1.044 42.634 42.007
14 0.940 9 0.931 8 0.894 1.152 43.117 42.131
15 0.937 6 0.928 6 0.913 1.154 43.027 42.171
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