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Abstract With the recent expansion of the application of spectroscopy, various methods of analysis have
been proposed, among which signal processing using deep learning technology is being actively studied.
Signal processing using deep learning technology requires a huge amount of data, and the collection of
actual data is a challenge in terms of cost and time. Thus, various simulation data-generation methods
have been proposed. Commonly used methods of generating simulation data include using kernel
functions and polynomials, as well as data augmentation using real data. Methods using kernel functions
and polynomials have a disadvantage of difficulties in the processing of the actual spectroscopic signal,
which is not expressed as a simple polynomial. The data augmentation method has the disadvantage of
the performance being largely dependent on the actual data used. To remedy this problem, this study
proposes a method of generating virtual spectral data using a Hanning window and Cubic Spline
interpolation. For performance comparison with existing data-generation methods, a deep learning
model that detects background noise was used to compare the error between the original data and the
data with background noise removed. The proposed generation method showed performance
improvements of 29.9% and 86.8% compared to the generation method using kernel functions and
polynomials and the data augmentation method, respectively. It was confirmed that the method can be
effectively applied to actual spectroscopic signal data.
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Where n,m denote number of peaks and A
denotes peak height and w, ¢ denote peak width

and z; denotes peak position.
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Fig. 1. Simulation data using kernel function and

polynomials
(a) Peak and baseline data (b) Synthetic data
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Fig. 2. Simulation data using data augmentation
(a) Peak and baseline data (b) Synthetic data
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Table 1. MSE Loss of model using each data generation

method
Simulation Data Method MSE Loss
Kernel function + Polynomial 0.000184
Data Augmentation 0.000974
Hanning window + Cubic Spline 0.000129

ZO
Ho=2

7} gole] 7ke] Bt A% AES Astel ot 2
491 10%2} 30%°] S Table 201 Yehigieh. %
93} W% Ak WHo] AtjaoR wow, o) Ak
3 upao] dlolezt 71 F kA A e dloleE

Y F LY & ke Aoz AT & 9lck

Table 2. Top MSE Loss of model using each data
generation method

MSE Loss
Simulation Data Method
Top 10% Top 30%
Kernel function + 0.000824 0.000504
Polynomial
Data Augmentation 0.005277 0.002754
Hanning wm('iow + Cubic 0.000579 0.000327
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Fig. 5. Results of each data generation method for
the generated data
(a) Kernel function and polynomial data (b) Data
augmentation data (c) Hanning window and cubic
spline data
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Fig. 6. The results of baseline of Raman spectrum by
each data generation method (Fluorellestadite)
(a) Kernel function and polynomial (b) Data
augmentation (c) Hanning window and cubic spline
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Fig. 7. The results of baseline of Raman spectrum by
each data generation method (Beryl)
(a) Kernel function and polynomial (b)
augmentation (c) Hanning window and cubic spline
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