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Abstract This study proposes a method to find the ROI (region of interest) of spectral signals using deep
learning technology. The proposed method detects the ROI of spectral signals using a deep learning
model trained with simulated data. Since the peak of the spectral signal contains physical and chemical
information of the substance, accurate peak detection is an important process affecting the performance
of the analyzed system. The widely used method for peak detection is the one based on the amplitude.
However, this method is complex and subjective because it involves pre-processing or select and
estimate parameters using visual inspection according to spectral signals. To overcome this problem, ROI
detection of the spectral signal was performed through a deep learning model. The proposed method
has the advantage of requiring no pre-processing and parameter setting. In addition, a peak may be
obtained by performing post-processing of the spectral signal according to the detected ROL
Performance evaluation was performed through loss values obtained by applying 30,000 test data to the
custom loss function. The proposed deep learning model combining ResNet and Unet showed
performance improvements of 76.5%, 69.8%, and 5.9% compared to the general convolutional neural
network (CNN), ResNet, and Unet, respectively. It was also confirmed that the proposed method could
be effectively applied to measured spectral signals.
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Fig. 1. The structure of CNN.
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Fig. 2. The structure of ResNet.
(a) The outline of ResNet
(b) The detailed structure of ResNet blocks
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Fig. 4. The structure of ResNet+Unet.
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