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Research on a Non-invasive Blood Glucose level Estimation Algorithm based on
Near- infrared Spectroscopy
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ABSTRACT

Various methods are being attempted to resolve the inconvenience of blood glucose meters used to check blood
sugar levels. In this paper, we attempted to estimate blood sugar levels non-invasively using machine learning
technology from spectral data acquired using a near-infrared sensor. The non-invasive blood glucose meter used in the
study has a total of six near-infrared ray emitters, including visible rays, and a light receiver that receives them. It is
a device created to collect spectral data on specific parts of the human body, such as the fingers. To verify whether
there was a significant difference depending on blood sugar level, we attempted to estimate blood sugar level through
machine learning algorithms. As a result of applying five machine learning algorithm techniques to the collected data
and adjusting various hyper parameters, it was confirmed that the support vector regression algorithm showed the best
performance.
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Table 1. Effective wavelength range and number of

features
' identifica Effective Number
light source .
D tion wavelength | of
classification
mark range(nm) | features
All #all 400 ~ 1010 113
White #1 400 ~ 740 68
Far-Red 735 #2 680 ~ 770 26
NIR 810 #3 755 ~ 875 42
NIR 850 #4 780 ~ 920 61
NIR 880 #5 800 ~ 970
NIR 940 #6 860 ~ 1010 36
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Fig. 3 Distribution chart of blood glucose level by
section of experimental data
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Table 3. Evaluation results for each algorithm

1SO Consensus
15197:2013 Error Grid
Algorith (%) Analysis A&B | MAR
m Zone D(%)
distribution
map(%)
IR 768 100.0 109
RFR 4.7 100.0 114
SVR 82.8 100.0 9.4
MLPR 725 100.0 124
PLSR 803 100.0 98

1= i=] <] L_E—ul
ANE B BE JlFe] JFeE
Al A Aot

FE AXE WE 3
=

<

1EEe

9.6%° dee deErilen,

Grid) #4

3
= =
3

2 ISO 15197914
FH H7 A=

ol b Aol

7l @aelFol AEHAH. o] &
7b +15% W9l WelM= 82.8%,
+20% W9 WelAE 944%, +40% S HelA =

Adhe ¥ 49 2.

¥ 4 SVR £12|F 2# J2lE =4 21}

Table 4. Error grid analysis results of SVR algorithm
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