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Wavelength Select Method for Diagnosis Supporting System in NIR
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Abstract: This paper presents new methods of selecting the wavelengths to distinguish the region of interest in near-infrared
(NIR). If it is possible to distinguish the ROI by observing particular wavelength channels without any markers, spectral
application as a surgery supporting system would be feasible. For instance, NIR endoscope have a great potential as the surgery
supporting system, however wavelengths needs to reduce according to the limitation of NIR endoscope hardware performance.
In this paper, we proposed the method of selecting the wavelengths by combined the two type section: first, reducing the
dimension of wavelengths by PCA and k-means clustering. Second, selecting the wavelengths by CNN. The experimental
results demonstrate that the proposed method can select valuable wavelengths to distinguish the region of interest with

comparable accurary.
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Fig. 1 Flow chart of the proposed method. Section (A)~(D)
indicate reducing the disision, and section (E)~(G) indicate
selecting the wavelengths.
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Fig. 2 convert spectral data to 16*¥16 image data by
interpolating value using the method of Lagrangian.
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Fig. 3 Model of the Convolutional Neural Networt. Number of batchisize is 100 and number of epoch is 40.
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Table 1. the result of accuracy using data of Mousel~5.

M1 M2 M3 M4 M5
Accuracy[%] | 93.48 | 94.46 | 95.59 | 94.41 | 94.40
Table 2. the result of accuracy of distinguishing eary cancer
ALLSP DICSP
Accuracy[%] 97.44 98.84
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