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Figure 1: Example low-noise and high-noise spectra, and low-
noise with added synthetic noise. Methods

Data from the CRISM Machine Learning Toolkit dataset
: (Plebani et al. 2022).

= .’;I' ey N1 Ly .’I' ...‘. N 2 =S .‘... ° ° ° °
T T R Synthetic noise added to spectra to form training data
= P = P
(,350) (16,350) (16,350) (16,350) (16,350)  (1,350) (Flg '])
‘ L[]
“..ol‘fl "..0-‘;! ‘.,.ﬁ’;l o ‘..,o-‘fl ’...0-‘;! “..'-"I . . . . .
oS e s e T, 1D Convolutional U-Net (Fig. 2) is trained to denoise
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Synthetic Results

= 1D Convolutional Layer

BN ' R 0 Transposed Comvolutionat Laver ——— NZ2N4M significantly lower reconstruction error than
’ ’ ’ : ’ ’ J Max Pooling Operation . .
0 > Gongetenation benchmark methods (Table 1). Synthetic results (Fig. 3)
N [c.n) ¢ Channels, n Features . .
oS oo show NZ2N4M removes more noise than benchmarks, whilst

Figure 2: N2N4M Network Architecture. retaining key absorption features.
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Figure 3: Denoising results on synthetic noise data.
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