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Abstract— Near infrared hyperspectral imaging (HSI) is
an emerging optical imaging modality which boasts several
advantages. Compared to conventional spectroscopy, HSI pro-
vides thousands of spectral samples with embedded spatial
information in a single image. This allows the collection of
high quality and high volume spectral signals in a short time.
In this paper, transmissive HSI combined with Partial Least
Squares Regression (PLSR) was used to non-invasively predict
aqueous glucose concentration. Aqueous glucose samples are
prepared with concentration ranging from 0 - 1000 mg/dL at
intervals of 100 mg/dL and 100 - 300 mg/dL at intervals of 20
mg/dL. Our results are validated using leave-one-concentration-
out cross validation, and demonstrate the feasibility of the
proposed aqueous glucose concentration detection method using
the combination of HSI and PLSR.

I. INTRODUCTION

Glucose concentration is a crucial parameter in biological,
physiological and chemical domain. Monitoring and control-
ling glucose concentration is important in many applications,
such as clinical blood glucose measurement [1] and biore-
actor cultivation [2]. Continuously monitoring blood glucose
is also meaningful for diabetes patients, which can help to
determine the insulin uptake amount [3]. Moreover, glucose
is a general supplement in cell culture, which further shows
the importance to develop innovated tools to control and
monitor the glucose concentration [2].

Several existing methods for measuring glucose concen-
tration in bio-processing media include glucose biosensor
[4], near-infrared spectroscopy (NIRS) [5]–[7] and Raman
spectroscopy [8]. NIRS is a promising technique because
it is a non-contact sensor with little sample preparation
requirements. The principle of NIRS is based on the light
absorption in the near-infrared region (800 to 2500 nm) by
the observed samples [9]. These absorption signal intensities
are related to the vibration of common functional groups,
such as O-H, C-H and C=O. However, traditional NIRS only
provides a single point of spectral information of the sample,
which can be easily affected by environmental noise. Thus,
corresponding chemometric glucose determination models
usually suffer from poor repeatability.
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Recently, hyperspectral imaging (HSI) has gained favor
in many fields and applications, such as disease diagnosis
and surgical guidance instrumentation [10]. HSI has the
capability to provide both spectral and spatial information
of samples, combining the advantages of both spectroscopy
and regular color imaging. This can potentially minimize
the environmental interference in the NIRS method. In
food engineering, studies demonstrate the feasibility of non-
invasively measuring the nutrient contents of liquid samples
using HSI [11]. However, few transmissive HSI studies were
applied to quantitative chemical component estimation in
aqueous samples due to strong water absorption [12]. This
research is intended to explore the feasibility of glucose
concentration estimation in aqueous solution using NIR HSI.

In this paper, the glucose concentration in aqueous solution
with ranges from 0 to 1000 mg/dL was studied. Partial Least
Square Regression (PLSR) was applied to extract glucose
concentration from HSI. The results show the feasibility of
using HSI to detect the aqueous glucose concentration. The
HSI system structure and quantitative analysis are discussed
based on several additional experiments, including a repeata-
bility test and different resolution tests.

II. METHOD

A. Sample Preparation

Each sample was prepared by weighing (Mettler Toledo
MS802S) an appropriate amount of D-glucose (Sigma-
Aldrich, G8270, ≥ 99.5%) dissolved in 50 mL of deionized
water. Each sample was shaken inside a centrifuge tube for
10 seconds to ensure that the glucose was fully dissolved
inside the sample. Images were collected by two technicians
over 5 days within 3 months to increase the randomness of
the data, and to ensure the model generalization capabilities.
Table I summarizes the range and minimum increment of
glucose samples collected over different days.

TABLE I
RANGE AND MINIMUM INCREMENT OF GLUCOSE SAMPLES

Date Concentration Range
(mg/dL)

Min Increment
(mg/dL)

10/20/2020 100 - 1000 100
11/08/2020 500 N/A
12/12/2020 100 - 1000 100
12/22/2020 100 - 300 20
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Fig. 1. (a) HSI system (b) The sample image. Blue area represents the reference deionized water. Pink area represents the D-Glucose sample. Yellow
area represents the column matching of deionized water and D-Glucose sample. Reference correction was done by the subtraction of matching column.

B. Experimental Setup and Data Acquisition
The NIR transmission images (900-2500 nm) of each

samples were measured using the Headwall Micro - Hy-
perspec SWIR line scan camera. The light source is Halo-
gen broad spectrum light. The hyperspectral image cubes
were generated based on the push-broom principle. The
glucose samples were loaded into a micro cuvette with
1mm light path (Hellma Macro cells No. 110-1-40), which
is manufactured by UV/VIS (200-2500 nm) transparent
high performance quartz glass in the red bounding box of
Fig. 1(a). The measurements were taken at ambient room
temperature. Before each days’ experiment, the white and
dark calibrations of the camera were conducted. The dark
calibration was implemented with the camera shutter closed.
The white calibration image was acquired by letting the light
shotting through the station glass directly. For each glucose
sample, an identical micro cuvette filled with DI water was
put aside as the reference sample.

C. Imaging Processing and Data Analysis
Each hyperspectral image cube contained at least 2000

sample pixels. The average of pixels in each column was
computed, named as column average signals. This procedure
yielded approximately 80 spectra signals per image. As
described in Section B, each sample image contained the
glucose sample as well as pure deionized water sample. The
column average of glucose signals was subtracted by the av-
erage of water signals from the identical column as reference
correction. In Fig. 1(b), the yellow bounding box represent an
example column used for the described water correction. To
establish the relationship between the spectral signal and the
glucose concentration, a mathematical model Partial Least
Square Regression (PLSR) model [13] was trained based on
the ground truth of glucose concentration and validated by
leave-one-concentration-out (LOCO) cross validation. The
basic concept of LOCO is that one concentration group was

Fig. 2. Original spectra of 10 samples of glucose aqueous concentrations.
The glucose concentration are in the range from 100 to 1000 mg/dL, with
100 mg/dL interval. The NIR spectra range are between 1000 to 2400 nm.

chosen as testing data for each fold cross validation, and the
left concentration groups were used for the model training.

III. RESULTS

A. Leave-One-Concentration-Out Cross-Validation (LOCO)
Results

In the NIR range (900 – 2500 nm), water dominates the
absorption of the spectrum comparing to glucose absorption.
Fig. 2 shows the original spectra of glucose samples. The
original spectra of glucose with different concentration are
very similar. To extract the glucose concentration from the
spectra, water reference correction was done in imaging
processing, as mentioned in Section 2.2. Fig. 3 shows the
spectra (glucose concentration = 100 to 1000 mg/dL) after
water reference correction. As seen in Fig. 3, most of the
NIR spectra look different and there is no obvious trend cor-
responding to glucose concentration. It is difficult to predict
the glucose concentration directly through the intensity of
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Fig. 3. NIR spectra after reference correction

Fig. 4. The prediction results of LOCO cross-validation. Glucose concen-
trations are between 100 and 1000 mg/dL, with 100 mg/dL interval.

the spectra. However, statistical models such as PLSR can
overcome this problem [7].

Table II shows the LOCO cross-validation results of the
PLSR model, including the prediction value and standard
deviation (STD). The prediction value was an average of the
prediction of all sample data in same image. The STD was
the standard deviation of all sample data in same image. The
root-mean-squared error (RMSE) is 29.60 mg/dL, which is
calculated based on the average of the prediction values. The
R2 is 0.99, shown in Fig. 4. It shows that the prediction and
the ground true are highly correlated.

B. Prediction base on the data from different dates

To validate the generalization of glucose concentration
prediction, the PLSR model was used to predict different
glucose samples captured by different people from different
date. The results are shown in Fig. 5. The R2 and RMSE
are 0.99 and 79.94 mg/dL respectively, which show that the
PLSR model is still feasible for the prediction of glucose
concentration in different data set with the same concentra-
tion range.

C. Repeatability Test

To validate the repeatability of sample preparation and
the stability of the hyperspectral imaging system, the PLSR
model was also used to test a data set of 24 different

TABLE II
LOCO CROSS-VALIDATION RESULTS OF THE PLSR MODEL. GLUCOSE

CONCENTRATIONS ARE BETWEEN 100 AND 1000 MG/DL, WITH 100
MG/DL INTERVAL.

Ground truth (mg/dL) Prediction (mg/dL) STD (mg/dL)
100 106.73 53.81
200 257.21 77.91
300 304.58 64.52
400 403.31 49.56
500 516.10 58.55
600 545.29 51.96
700 657.90 60.93
800 804.07 56.63
900 902.03 50.08
1000 980.91 54.32

Fig. 5. The prediction results of different data sets. The samples in training
data set and testing data set were prepared in different dates to show the
repeatability of sample preparation.

images with the same glucose concentration (500 mg/dL).
The results are shown in Fig. 6. Each predicted value is the
average prediction from all column average samples from the
same image. As seen in the figure, all prediction values are
between 480 to 515 mg/dL, and the STD is 10.08 mg/dL.
The data shows both the repeatability and the stability of the
system.

D. Higher Resolution Test

To evaluate the feasibility of this model for high resolution
glucose concentration predictions, we trained another PLSR
model using sample data (12/22/2020 experiment, shown in
Table I) with minimal concentration increment 20 mg/dL.
Similar to section III-A, LOCO cross-validation was used
to validate the PLSR model. The cross-validation results are
shown in Table III and Fig.7. Although the RMSE is 37.5
mg/dL which is larger than the concentration increment, the
predicted R2 is 0.93. It shows that there is high correlation
between the ground truth and the prediction value. However,
the accuracy is not high comparing to the results in Section
3.1, which can be explained as the lack of training data.
Besides, the precision of scale for sample preparation may
also be one of the factors. Further improvements of the data
collection procedures are in progress.
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Fig. 6. The prediction results of 24 different images with same glucose
concentration (500 mg/dL). Most of the predictions are in the range from
490 to 510 mg/dL.

TABLE III
LOCO CROSS-VALIDATION RESULTS OF THE PLSR MODEL. GLUCOSE

CONCENTRATIONS ARE BETWEEN 100 AND 300 MG/DL, WITH 20
MG/DL INTERVAL.

Ground truth (mg/dL) Prediction (mg/dL) STD (mg/dL)
100 159.03 36.00
120 172.03 34.86
140 179.31 38.21
160 180.48 43.36
180 188.27 37.12
200 190.31 35.05
220 194.45 46.37
240 221.06 43.44
260 223.75 33.30
280 247.31 43.41
300 238.71 36.40

IV. CONCLUSION AND DISCUSSION

To the best of our knowledge, this is the first study which
applies HSI to quantize aqueous glucose concentration. Un-
like NIRS, HSI allows the acquisition of thousands of spectra
in a single shot. This saves significant time for collecting
spectral data sets. The method presented of combining HSI
and PLSR can serve as an online method for the non-invasive
prediction of aqueous glucose concentration.

Although the raw spectra of glucose at varying con-
centrations look nearly identical, PLSR can identify the
distinguishing features of these spectra to produce a reliable
and accurate predictions. Glucose concentration within 100
mg/dL resolution are predicted with R2 value larger than
0.99 according to the cross-validation results. The repeata-
bility of glucose sample preparation and the stability of our
HSI system are proven through this study. The next steps will
include improving the experimental process and enhancing
the accuracy of high resolution glucose concentration predic-
tions using more advanced machine learning models. Overall,
the study shows the feasibility of this method and develops
a new useful tool for sensing aqueous glucose concentration
non-invasively.

Fig. 7. The prediction results of LOCO cross-validation in higher
resolution. Glucose concentrations are between 100 and 300 mg/dL, with
20 mg/dL interval.
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