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1. First model

A 10-layer convolutional autoencoder trained in order to denoise the hyperspectral SRS
microscopy images. Convolutional layers in the encoder modules compressed the dataset
dimension and mapped them to the latent space. The latent space can be considered a feature
vector where applying deconvolutional layers (CovT) on it leads to reconstructing the input
dataset. Figure S1 demonstrates the first model architecture and its parameters. The dataset that
was fed into this model was spectra from a mixture of hexadecane and water. Input dataset
shape was 65536 signals each with a length of 92 points and one channel.
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Fig. S.1. First model architecture and its parameters.



2. Second model

Figure S2 demonstrates the second model architecture and its parameters. The dataset fed into
this model was spectra from a mixture of mineral ores. Input dataset shape was 65536 signals
each with a length of 909 points and one channel.

Encoder Decoder

=1)
=2)
=9)

5,8
18,s

—_
~
il
£\
~
1l
=
el
=5
>
Q
(&)

CovT (8,4,k=12,5=4)

@
<
il
=
© =
- -
= =
= =
> >
2 2
[&] (&)

CovT (16,12,k

ﬂ1=20
nk=32 nk=32

a 1D Conv (input channel, output
channel, kernel size, stride)

/1D Maxpool (kernel size, stride)+Tanh

ay Fully Connected Layer

a 1D ConvT (input channel, output
channel, kernel size, stride)+Tanh

Fig. S2. Second model architecture and its parameters.



3. Elbow method in order to determine the best number of clusters in the
latent space
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Fig. S3. Applying elbow method on the latent space (with k-mean algorithm) to determine the best number of clusters
in latent space. (a): On hexadecane and water sample, (b) on mineral ore sample.

4. Spatial distribution of error showing the effect of a moving boundary
between the ground truth and the noisy input image

35dB
30dB
25dB
20dB
15dB
10dB
5dB
Fig. S4. The spatial distribution of the PSNR for FOV1 for the data presented in Fig. 5 for (a) Input-GT, (b) SHRED-

GT, and (c) UHRED-GT. It is apparent that there was a shift in the boundary between the hexadecane and water phases
which affects all comparisons equally.




Data Availability. All data used in this study is available at Ref. [1]. All algorithms and source code are available
at Ref. [2].
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