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RUnet : A Denoising U-Net for Angle-resolved Photoemission
Spectroscopy Data
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Abstract

This paper proposes an RUnet, specialized for Angle-Resolved Photoemission Spectroscopy (ARPES) data denoising. A U-Net
based denoising network exhibits excellent performance, however it is difficult to consistently maintain denoising performance for a
wide range of noise levels. An autoencoder network maintains consistent denoising performance for all ranges of noise levels, yet
it performs lower denoising performance than the U-Net based method. In order to increase the denoising performance for all
ranges of noise levels, the proposed RUnet makes some categories such as high-, medium-, and low-range in accordance with the
noise intensity for training. In addition, by applying the squeeze-and-excitation technique at the end of convolution layers in the
decoder parts to efficiently gather the noise features, the proposed RUnet can significantly improve the denoising performance. As
a result, the proposed RUnet can extract noise characteristics of ARPES image data in greater detail, thus it achieves average
improvements of 4.79 dB in PSNR and 0.0217 in MS-SSIM compared to the state-of-the-art methods.
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Fig. 1. A feature of previous autoencoder-based denoising network!™
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¥ 1. O20ld M2k g5 Lot 21t vl (B XA =& [fH] PSNR(dB))
Table 1. A denoising performance comparison (PSNR (dB) values against the total photoelectron counts)

Total photoelectron counts (n)
Model - - - - 5 5 5
1.0x10° 2.5 x10° 5.0 < 10° 7.5%10° 1.0x10 2.5 10 5.0 %10 Avg.(dB)
ARPESNet” 22.15 23.00 23.35 23.54 23.68 24.02 24.43 23.45
FFDNet!'® 16.96 20.01 23.07 2413 25.74 31.31 33.58 2497
U-Net!™ 15.19 17.16 20.78 24.44 26.92 28.82 34.27 23.94
Proposed RUnet 25.66 27.97 30.41 31.05 30.81 26.16 25.64 28.24

¥ 2 CO=01d ¢ ds Lot 23w (& WA =& HH] MS-SSIM)
Table 2. A denoising performance comparison (MS-SSIM values against the total photoelectron counts)

Total photoelectron counts (n)
Model 5 5 5 5 5 5 5
1.0x10° 2.5x10° 5.0 X 10° 7.5 10° 1.0 10° 2.5x10° 5.0 10 Avg.
ARPESNet” 0.9111 0.9306 0.9383 0.9416 0.9433 0.947 0.9491 0.9373
FFDNet!"® 0.8310 0.9009 0.9282 0.9430 0.9409 0.9652 0.9691 0.9254
U-Net!™ 0.7380 0.8212 0.9062 0.9445 0.9588 0.9661 0.9785 0.9019
Proposed RUnet 0.9321 0.9513 0.9628 0.9668 0.9679 0.9608 0.9711 0.9590
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Fig. 12. A visual quality comparison between the proposed RUnet and the previous methods (total photoelectron counts n = 10°)
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