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Abstract—The purpose of this study is to explore thetype 2-dimensional fourier spectroscopy is that we can only
effect of the wavenumber resolution to the prediction acneasure the optical interference limiting the measurement
curacy of the glucose concentration. Then, we prodepth into focal plane. Thereby, there is a possibility to
pose the glucose concentration prediction method by usieasure blood glucose concentration limiting to the layer
ing partial least square (PLS) regression. We measuvehere blood vessel exists. The other characteristics are the
the interferogram of a glucose solution by using imagingsimple structure and robustness for the fluctuation, which
type 2-dimensional fourier spectroscopy. For increasingnable reasonable product and use at home.
wavenumber resolution, zero-filling is applied to measured In the glucose sensing, the wavenumber resolution ( that
interferogram. Then, the interferogram is translated intts the number of wave cycle proportional to 1cm) is an im-
wavenumber domain by discrete fourier transform (DFT)portant factor and needed to be determined to achieve accu-
The PLS regression is applied to the spectrum to predicate sensing of the glucose concentration. If the wavenum-
glucose concentration in agueous solutions. As the expéyer resolution is low, a peak value will be missed. More-
imental results, the error rate of the glucose concentrati@mver, the low wavenumber resolution makes ffidult to
prediction reduced from xx% to xx% when xxx zeros wereanalyze the information corresponding to each wavelength
added to original interferogram. light source contains. This problem is discussed in [2].

Therefore, we focus on the wavenumber resolution to im-
] prove prediction accuracy of the glucose concentration in
1. Introduction aqueous glucose. The characteristic of light source is de-

. . ) ) . fined by wavelength, though the data obtained from spec-
Diabetes is one of the lifestyle diseases and recogng\%

i . ; “trometer is analyzed in the wavenumber domain. The
as a serious problem in the world. The patients are requir velength ) and wavenumbenj have non-linear rela-
to measure blood glucose concentration several times a hship, such ag = 1/v. Therefore, we need to improve
to monitor own conditions. Currently, the patients prICkthe wavenumber resolution not to miss the information cor-

their fingers and obtain small amount of blood for the glufesponding to each wavelength. In the experiments, we

cose sensing. However, since pricking fingers is invaSiV§earch appropriate wavenumber resolution by using glu-

and uncomfortable, this is not kind to patients. EventhouggOse solutions. The glucose concentration of aqueous so-

most of people don't notice the diabetes because the dise@&ﬁon is predicted from the NIR spectrum based on partial
is unseen health problem in the early stage, the bottlenefgast square (PLS) regression.

for the blood glucose sensing prevents people to sense their
blood glucose concentration in daily life. In order to main-
tain patient's health and prevent increasing diabetics, te Measurement of NIR Spectrum
development of the non-invasive blood glucose sensor 'b'sl
expected. o
Near-infrared (NIR) spectroscopy has attracted great in- The overview of the imaging-type 2-dimensional fourier
terest to achieve non-invasive blood glucose sensing [13pectroscopy [4] is illustrated in Fig. 1. This spectrum is
[3]. NIR is invisible light covers the wavelength rangeconsisted of objective and imaging lenses, and fixed and
from 750-2500nm, and appropriate to analyze the conmovable mirrors. Firstly, the rays from a bright point on
ponent in the biological tissues as it can pass through thiee focal plane are paralleled through the objective lens.
object. The blood glucose level is measured by analyzingecondly, the parallel rays are reflected by the fixed and
the NIR reflected in the biological tissues. In this studymovable mirrors. The movable mirror moves in the direc-
we use imaging-type 2-dimensional fourier spectroscopyon of the arrow shown in Fig. 1. As a result, phase dif-
[4] for glucose sensing. The advantage of the imagingerence occurs between the rays reflected by movable and

Imaging-type 2-dimensional Fourier Spectroscopy
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Figure 1: Imaging-type 2-dimensional fourier spec- v

troscopy.
by Zero-filling

v

Discrete Fourier Transform

fixed mirrors. Finally, these rays pass through the imaging
lens, and form an image on the camera. By recording the
optical interference caused on the camera continuously, we v
can observe interferogram shown in Fig. 2.

Glucose Concentration
Prediction by PLS regression

2.2. Interferogram

Figure 3: Flow of the proposed method.
Interferogram which obtained from the spectrometer g prop

shown in Fig. 1 is consisted of the superposition of cosine

waves with diferent wavelength. The bandwidth of wave-

length is decided by the type of light source. If light source3.1. Interferogram Measurement
whose bandwidth is between 1500 and 17@04] is used, Interf faal lution i db i
we can observe interferogram as a superposition of cosine nterterogram ot a giucose solution 1S measured by us

waves in that bandwidth. The image of the interferogram 99 |mag|ng-type_2-d|menS|onaI fourier spectroscopy. The
illustrated in Fig. 2. Horizontal axis indicates phastit glucose solution is set on the spectrometer, and the change

ence changed by movable mirror, and vertical axis indicat%gggu'rnetg??gyb:/;:]uﬁ] tgeerpeer:)atf;mbgf ?ﬁé'cTLégtseéf:gTSt?fnls
amplitude. When the phasefidirence is zero, the ampli- 9 9 '

tude of the interferogram becomes largest. On the othgr2 Zerofillin
hand, as the phaseffiirence becomes larger, the ampli-~"“" -fifing
tude becomes smaller. Measured interferogram is analyzedZero_ﬁ”ing is the up-sampling method, and the
by discrete fourier transform (DFT) and chemometrics.  wavenumber resolution is interpolated by adding zero to
the measured interferogram. The possibility of missing the
wavenumber which has peak value will be solved by zero-
3. Proposed Method filling. Fig. 4 and Fig. 5 show the fierence of the spec-

. . trum with and without zero-filling.
Fig. 3 shows the flow of the proposed method. Firstly,

we measure ime”efogra”.‘ of a gIl_Jcose solution by U%.3. Partial Least Square (PLS) Regression

ing imaging-type 2-dimensional fourier spectroscopy. Sec-

ondly, zero is added to measured interferogram to increasePLS regression is one of the statistical methods widely

wavenumber resolution, and DFT is applied to it to obtaimsed in the field of chemometrics to predict dependent vari-
spectral information of interferogram. Finally, the glucosables from independent variables. PLS regression is suit-
concentration of a solution is estimated from spectral datble for the condition that the number of independent vari-

with PLS regression. ables is larger than that of observations. This is because
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Figure 4: The spectrum without zero-filling.
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depicted in Fig. 1. A glucose solution is placed be-
tween the phase shifter and objective lens, and the rays
which transmitted the solution form an image on the cam-
era. By observing the changes of the intensity on the
image continuously, we obtain interferogram of a glu-
cose solution. The sampling distance and total length of
the phase shifter are 431[nm] and A2y, respectively.
We prepare the 6 kinds of glucose solutions, 500(dtlgy
2000[mgdl], 2500[mgdI], 5000[mgdl], 7500[mgdl]
and 10000[mgdl]. 5 points are ramdomly selected from
the image obtained in a solution. They are used for con-
structing PLS regression model, and also used for validat-
ing the prediction performance of the model.

Before applying the DFT to measured interferogram,
zero value is added to the interferogram to increase
wavenumber resolution. When the PLS regression model

wtilh T

is constructed, the number of loading vect®ris deter-
v e e om e w w T e mined based on the cumulative contribution rate. In this
(b)The spectrum of signal €xperiment, the loading vector is selected to the cumula-

(a)The signal with
with zero-filling. tive contribution rate exceeds 0.98.

zero-filling.

Figure 5: The spectrum with zero-filling. 4.2. Evaluation Criterion

ICt — Cpu

The prediction performance of the PLS regression model
that the multicolinearity can be avoided by projecting deln the glucose concentration is evaluated using error rate.
pendent and independent variables onto the new spaces,

and taking into account the relationship between the pro-

jected variables. In this study, we use non-linear iterative N Z x100 [%] “)
partial least squares (NIPLS) algorithm for constructing

PLS regression model[5]. Eq.(1)(2) show the dependetthereCy andCp are target and predicted values of glucose
variablesX and independent variabl&modeled by PLS concentration, respectiveli is the number of data.
regression.

4.3. Experimental Results

N
> tip+ Ex=TP+E,

The error rate of predicted glucose concentration is

X = . @) shown in Fig. 6. The horizontal axis indicates the num-
':Nl ber of zero added to interferogram, and the vertical axis
indicates the error rate between predicted and target val-
Y = ig+E,= E 2 . .
Z uigi+ By =UQ+Ey ) ues. In Fig. 6, error rate is decreased as the number of zero

i=1 . . .
increases. In particular, when the number of added zero is

wheret; andu; are score vectorqy andg; are loading vec- 300, the lowest error rate is obtained. On the other hand,
tors, andEy andEy are residuals. The modeling of depen-when zero is not added to measured interferogram, it shows
dent and independent variables in PLS regression is pefe highest error rate among all of them. Then, we show the
formed to make the correlation between score vectors mageror rate of the glucose concentration of dataset with 300
The regression from score matfixto score matrixJ is  zeros in Fig. 7. The horizontal axis indicates the glucose
expressed in Eq.(3). concentration of the solution, and vertical axis indicates the
error rate. The error rates of the all solutions are within the
18%, and varied depending on the glucose concentration of

U=BT the solutions.

®3)

whereB is a matrix of regression céieient.
4.4. Discussions

4. Experiments In this experiment, we increased the wavenumber resolu-

tion by zero-filling to improve the accuracy of the glucose
concentration. From Fig. 6, it was shown that zero-filling

The interferogram of a glucose solution is measureid effective to improve the prediction accuracy of the glu-
by using imaging-type 2-dimensional fourier spectroscopgose concentration. However, zero-filling only interpolates

4.1. Experimental Conditions
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we require to increase the sampling rate of imaging-type
2-dimensional fourier spectroscopy or use longer sample
window. the number of samples obtained from imaging-

type 2-dimensional fourier spectroscopy. Moreover, we

need to implement more experiments to ensure the useful-
ness of the proposed method.
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Figure 6: The error rate of glucose concentration.
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Figure 7: The error rate of glucose concentration with 300
zeros.

data, and can’t get the information more than original in-
terferogram containing. In Fig. 7, it was shown that the er-
ror rate of the predicting glucose concentration was withifb]
18%. For more precise glucose concentration sensing, we
need to observe interferogram in higher sampling rate or
longer total shift length of the phase shifter to increase the
wavenumber resolution.

5. Conclusions

In this study, we proposed the glucose concentration pre-
diction method by using PLS regression to explore the ef-
fect of the wavenumber resolution to the prediction accu-
racy of the glucose concentration. The interferogram of
a glucose solution was obtained by using imaging-type 2-
dimensional fourier spectroscopy. The glucose concen-
tration was predicted by applying PLS regression to the
spectrum of the interferogram calculated by DFT. From
the experiments, it was confirmed that the prediction accu-
racy of the glucose concentration was improved by adding
300 zeros to the interferogram to increase the wavenum-
ber resolution. In order to achieve more precise prediction,
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