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ABSTRACT
Regular glucose monitoring is crucial for diabetic patients to
avoid the risk of health complications such as stroke, kidney
failure, heart disease, and even death. Most current devices
for measuring glucose are costly and painful. We propose
GlucoSense, a non-invasive glucose sensing solution on mo-
bile devices. GlucoSense builds on the fact that glucose is an
optically active molecule, which interacts with various wave-
lengths. We first conduct spectral analysis to demonstrate
the feasibility of measuring glucose in the visible and near-
infrared range (400–1000 nm), which is the range available
on mobile devices. We also identify the relative importance
of various spectral bands in this range. We further propose
multiple practical designs for obtaining the required spectral
bands for measuring glucose. We then design GlucoSense
exploiting the sensing capabilities of modern smartphones
combined with machine learning models. We conduct an
ethics-approved user study with a diverse set of participants
in terms of age, sex, ethnicity, and bodymass index (BMI).We
compare GlucoSense against a widely-used, FDA-approved
glucosemeasuring device. Our results show that 80.4% of Glu-
coSense predictions are within Zone A (clinically accurate),
and the remaining 19.3% are in Zone B (clinically accept-
able) of the Clarke Error Grid (CEG). In addition, 99.7% of
the predictions are within the None and Slight risk zones
of the Surveillance Error Grid (SEG), indicating their high
accuracy. Both CEG and SEG are standard metrics for assess-
ing glucose-measuring devices. These results were obtained
by GlucoSense running on unmodified phones in realistic
environments with diverse illuminations.
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1 INTRODUCTION
Diabetes has become one of the leading causes of death
globally [64]. According to the World Health Organization
(WHO) [65], currently, there are around 422 million cases of
diabetes in the world. Diabetes is caused by abnormal insulin
levels in the body due to either the pancreas not producing
enough insulin or the body cells not using it adequately.
Insulin is a hormone that regulates glucose level by allowing
cells to absorb it from the bloodstream to obtain energy or
store it for future use. If the glucose level in the blood remains
low or high for long periods, it could cause hypoglycemia
or hyperglycemia, respectively, leading to severe medical
conditions, including tissue damage, stroke, kidney failure,
blindness, heart disease, and death if left untreated [22, 32].
Deficient production of insulin leads to diabetes Type 1,

which is characterized by sudden drops in glucose levels.
On the other hand, the ineffective use of insulin leads to
diabetes Type 2, which is characterized by high levels of
glucose. Both conditions do not have a cure and thus require
regularly measuring glucose; at least four times a day [15]
and up to ten times for patients with severe conditions [19].

Unfortunately, regularly checking blood glucose for most
diabetic people is painful or at least inconvenient. Conven-
tional devices for glucose monitoring use electrochemical
methods, which require a small amount of blood to be drawn
out of fingertips using automatic lancet devices [25]. Al-
though accurate, this method is invasive and painful for
patients to repeat multiple times daily. Alternate devices to
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measure glucose are called continuous glucose monitoring
(CGM) systems [21], which estimate glucose concentration
in the interstitial fluid [34]. These systems contain biosensors
with micro-needles that penetrate the skin. CGM systems
provide glucose readings every 1–5 minutes but need to be
replaced every 10–14 days. Both traditional and CGM sys-
tems cause discomfort and pose risks of potential infection
and tissue damage [9]. Therefore, there is a need for non-
invasive and cost-effective systems for measuring glucose to
help millions of patients worldwide.

In this paper, we consider estimating glucose levels using
only smartphones. This is a challenging research problem
for multiple reasons. First, the sensing capabilities of regular
smartphone (RGB) cameras are limited to the visible range in
the electromagnetic spectrum. Whereas the most promising
range to get information from deeper skin layers, where glu-
cose can be measured, lies in the near-infrared (NIR) part of
the spectrum. Second, the human skin is a highly absorbing
and scattering medium containing many substances, e.g.,
collagen and elastin, which negatively interfere with the re-
flected signal. Third, people have diverse skin characteristics,
e.g., skin tone and thickness, which affect the correlation
between the reflected signal and glucose levels.
To address these challenges, we propose GlucoSense, a

non-invasive glucose monitoring system on smartphones. As
shown in Figure 1, GlucoSense has three main components.
The first component comprises a mobile sensing module in
the visible and near-infrared (VNIR) range. We propose using
near-infrared signals captured by depth-sensing cameras on
modern smartphones and regular RGB cameras. We demon-
strate the potential of different depth-sensing technologies in
modern smartphones, including Time-of-Flight, stereo, and
structured light. This addresses the first challenge mentioned
above. The second component is a deep learning model that
converts the captured RGB and NIR signals to multiple (hy-
perspectral) bands in the VNIR (400–1000 nm) range. We
analyze the importance of individual bands for measuring
glucose, and we identify the crucial bands considering the
diversity of people and the complexity of their skin tissues,
which addresses the second and third challenges. The third
component of GlucoSense is an estimation module that maps
the recovered spectral information to glucose levels.

The contributions of this paper are as follows:
• We conduct spectral analysis of multiple subjects with
and without diabetes using a hyperspectral camera in §4.
Our analysis shows the potential of measuring glucose
from the interstitial fluid in the skin using signals in the
VNIR range, and it identifies the most important spectral
bands to consider. This analysis is useful in its own right,
especially for designers of devices that measure glucose.

• We propose four solutions for obtaining NIR signals on
mobile devices in §5.2; two of them are readily available
on recent phones, and the others are easily realizable.

• Wedesign amachine learningmodel for estimating glucose
levels, which is computationally efficient and does not
require customization for different user groups in §5.3.

• We conduct a user study to demonstrate the accuracy of
GlucoSense and compare it against a widely-used, FDA-
approved glucose measuring device in §6. This study was
approved by the Ethics Research Board of our institution.
Our results show, for example, that 80.4% of GlucoSense
predictions are within Zone A (clinically accurate), and
the remaining 19.3% are in Zone B (clinically acceptable)
of the Clarke Error Grid (CEG). In addition, 99.7% of our
results are within the None and Slight risk zones of the
Surveillance Error Grid (SEG). CEG and SEG are commonly
used for evaluating glucose-measuring devices.

2 BACKGROUND AND RELATEDWORK
Blood Glucose. Glucose is the main sugar found in our
blood, and it is the primary source of energy [30, 43]. Our
body breaks down the food we eat into glucose and releases
it into our blood stream. Insulin, a hormone produced by
the pancreas, is required to transport glucose from the blood
stream to body cells. If the pancreas does not make enough
insulin or our body cannot use the produced insulin, this
leads to high glucose levels, resulting in diabetes. Prolonged
high glucose levels can cause health complications such as
stroke, kidney failure, heart disease, and even death. Thus, it
is crucial for diabetic people to maintain their glucose levels
within the normal range (70–180 mg/dL [15]).
Invasive and Minimally-Invasive Approaches. A com-
mon approach for measuring glucose is to draw a small blood
sample from the fingertips. The blood sample is analyzed
using a test strip, which contains a glucose oxidase enzyme
that reacts to the glucose molecules and produces a propor-
tional electric current [67]. The current is then mapped to
readable glucose levels. Examples of commercial devices us-
ing this approach include Accu-Chek and True Metrix. This
electrochemical approach provides accurate results, but it is
invasive and uncomfortable.
CGM devices, on the other hand, periodically measure

glucose every few minutes. These devices are based on the
same electrochemical principle, but theymeasure the glucose
level in the interstitial fluid (ISF) in the skin instead of the
blood. ISF is primarily present in the lowermost skin layer
of the dermis, which is 70% ISF by volume [50]. It has been
shown that the ISF glucose level is highly correlated to blood
glucose level but with an average lag time of 8–10 minutes
[16]. CGM devices require inserting a sensor (tiny needle)
into the skin, and thus, they are considered minimally inva-
sive. These devices may cause skin irritation and discomfort
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Figure 1: Overview of GlucoSense. Users take RGB and NIR images using their phones. A reconstruction model
upscales these images across the spectral domain. The result is then fed to a glucose estimation model.

[59], and they may impose a �nancial burden on some pa-
tients since they need to be replaced every 10�14 days; the
FreeStyle Libre device used in our study costs $130/unit.
Non-Invasive Approaches. Non-invasive glucose moni-
toring systems include transdermal, thermal, and optical
techniques; comprehensive reviews can be found in [25,
37]. Transdermal techniques measure glucose molecules'
electrical impedance, but they may cause skin irritation
while passing the electric current through tissues. Thermal
techniques measure heat generation, blood �ow rate, and
hemoglobin/oxyhemoglobin concentrations to estimate glu-
cose levels, but the accuracy of these systems is signi�cantly
a�ected by environmental factors like temperature and hu-
midity. Transdermal and thermal techniques are not practical
to realize or approximate on smartphones.

Optical techniques include optical coherence tomography
(OCT), polarimetry [39], photoplethysmography (PPG) [58],
and spectroscopy [38]. All of them require special devices
and sophisticated hardware setups. Among the optical tech-
niques, spectroscopy is the most studied, and it has four main
categories: Raman [38], photoacoustic [54], near-infrared
(NIR) [28, 33], and mid-infrared (MIR) [40]. Raman spec-
troscopy measures the energy shift of lasers used to excite
glucose molecules. Photoacoustic spectroscopy measures the
absorption of glucose by using acoustic signals. NIR and MIR
spectroscopy measure the re�ectance from glucose across
multiple wavelengths in di�erent parts of the spectrum.

Multiple attempts have been made to build low-cost ver-
sions of the above spectroscopy systems, e.g., using small
LEDs and photodiodes [45, 46, 57, 58, 66]. Most systems use
a single wavelength to simplify the design. However, relying
on a single wavelength may yield inaccurate measurements
for people with di�erent skin tones and thicknesses [11].

As analyzed in [20], wavelength selection for glucose mea-
surements remains a challenge. Various works have used
di�erent wavelengths, some prioritized wavelengths that
penetrate further in the skin, and others considered water
absorption of wavelengths. Further, none of the prior works
rigorously analyzed the impact ofindividual wavelengths in
the 400�1000 nm range andtheir combinationson the accu-
racy of measuring glucose. The 400�1000 nm range is crucial

because it is the sensitivity range of the RGB camera sensors
on smartphones. Our analysis in Ÿ4.2 addresses this problem.
Measuring Blood Glucose on Smartphones. Multiple
works considered employing smartphones in measuring glu-
cose, including [27, 61]. GlucoScreen [61], for example, in-
troduces a glucose test strip that works with smartphones,
alleviating the need for specialized readers and reducing
the cost. GlucoScreen, however, is still an invasive approach
as it requires blood samples. SugarMate [27], on the other
hand, is non-invasive. It builds a deep recurrent neural net-
work model to predict blood glucose based on several factors
entered by users and collected by the phone. Speci�cally,
SugarMate requires users tomanually input their daily food,
drug, and insulin intake, which is tedious and error-prone.

The goal of this work is to build a glucose-measuring so-
lution on unmodi�ed smartphones. It also conducts a detailed
analysis to rank wavelengths based on their importance in
measuring glucose, which provides a systematic method for
designing future glucose measurement systems.

3 FOUNDATIONS AND CHALLENGES
We discuss the principles and challenges of measuring blood
glucose using spectral analysis on regular phones.
Light Transport Theory and Measuring Glucose. Glu-
cose is an optically active molecule with a chemical compo-
sition of � 6� 12$ 6. When light interacts with a skin tissue
containing glucose, the covalent bonds (C-H, O-H) inside
the glucose molecules vibrate. This causes attenuation of
the incident light due to scattering and absorption. A widely
accepted model to quantify the interaction of glucose with
di�erent light wavelengths can be summarized by the light
transport theory using the following equation [20]:

� = �04`! • (1)

where� is the re�ected light intensity,�0 is the incident light
intensity, and! is the optical path length inside the tissue.
Attenuation of light inside the tissue depends on the attenu-
ation coe�cient ` , which is the sum of the absorption coe�-
cient ` 0 and the scattering coe�cient̀ 0

B [20]. ` 0 depends on
the wavelength of the used light and the glucose concentra-
tion. Thus, the re�ected light, which is inversely proportional
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to the absorption, can determine glucose concentration in
skin tissue. This, however, faces multiple challenges, which
we describe in the following.
Challenge 1: Complexity of Human Skin. We provide
a simpli�ed illustration of human skin in Figure 2. The out-
ermost layer is the epidermis (about 0.1 mm thick), which
provides a waterproof barrier and creates skin tones based
on di�erent melanin concentrations. Beneath the epidermis
is the dermis (about 2 mm thick), which contains connec-
tive tissues and sweat glands. It contains the interstitial �uid
surrounding the cells, which is used by CGM devices such
as [7]. The deepest layer is the hypodermis (2�7 mm thick),
which mainly consists of fat tissues that store energy and
nutrients, providing insulation from cold temperatures and
protection from injuries [10]. As Figure 2 shows, the human
skin is a complex and highly absorbing medium. It scatters
most of the incident light and thus decreases the signal-to-
noise (SNR) of the re�ected light. This makes it harder to
capture the small variations in the re�ected signal caused by
the presence of glucose deep in the skin tissues.
Challenge 2: Diversity of Humans. Humans are quite di-
verse along many dimensions, including skin tone, sex, and
weight. This diversity presents a major challenge for devel-
oping a scalable, non-invasive glucose monitoring solution.
For example, among di�erent users, the optical path! in
Equation (1) varies due to di�erent skin thicknesses, which
changes the amount of re�ected light even for the same glu-
cose concentration, making it harder to estimate glucose
concentrations accurately. The optical path also depends on
the wavelength used since the penetration depth of light
in skin tissues varies across the electromagnetic spectrum.
Multiple studies have shown that the penetration depth gen-
erally increases with increasing the wavelength [13,41]. Skin
thickness and skin tone (melanin concentration) both a�ect
the ratio of the absorbed/re�ected light. Existing systems
(e.g., CGM devices) generally require calibration using blood
tests to improve the estimation across di�erent users.

We propose using multiple wavelengths in the whole 400�
1000 nm range to address the challenges of human diversity
and skin complexity. Multiple wavelengths can reveal in-
formation from di�erent layers of the skin, establishing a
stronger correlation between glucose concentration and the
re�ected light intensity. In Ÿ4.1, we �rst analyze the correla-
tion between di�erent wavelengths and changes in glucose
levels in controlled settings. This is done to establish the
feasibility of our approach. We then recruit a diverse set
of participants (31 in total) with and without diabetes, con-
sidering di�erent age groups, skin tones, biological sexes,
and Body Mass Indexes (BMIs), to understand the impact
of di�erent wavelengths on measuring various glucose con-
centrations. We present a systematic way to select the most

important wavelengths for estimating glucose. This analysis
also helps in designing future glucose-measuring devices.
Challenge 3: Lack of Information in the Infrared Range.
Glucose is an optically active molecule, and according to [53],
it has shown strong absorption characteristics in the NIR
(700�1000 nm) range. Although the CMOS sensors of RGB
cameras on smartphones have spectral response in the VNIR
(400�1000 nm) range, they utilize cut-o� �lters to truncate
all signals beyond 700 nm. This is done to improve the visual
quality of RGB images. To address this problem, we propose
di�erent camera solutions that use NIR signals and RGB
images to extend the sensing capabilities of smartphones.
Speci�cally, we propose using o�-the-shelf depth sensing
cameras (e.g., Time-of-Flight) available on modern smart-
phones and used in applications like face recognition and
augmented reality. We also design camera systems using
infrared-enabled cameras that are widely used for surveil-
lance. We present the details of our designs in Ÿ5.2.
Challenge 4: Limited Number of Captured Wavelengths.
Regular RGB cameras capture only three channels (or bands).
While these RGB bands enable humans to perceive the cap-
tured scene, they are insu�cient to conduct spectral analysis
of di�erent skin layers to estimate glucose levels. Spectral
analysis is typically performed by expensive hyperspectral
cameras or spectrometers that capture many (200+) equally-
spaced, narrow bands in the entire VNIR spectral range. To
address this problem, in Ÿ5.3, we leverage a deep-learning
model to convert RGB and NIR signals into multiple nar-
row bands, which allows the creation of accuratespectral
signaturesessential for assessing glucose levels.

4 SPECTRAL ANALYSIS AND BAND
SELECTION

In this section, we �rst conduct controlled experiments to
demonstrate the feasibility of measuring di�erent glucose
levels using a hyperspectral camera operating in the 400�
1000 nm range. This is unlike many prior works, e.g., [62],
which used cameras operating in ranges not available on
smartphones. Then, we analyze the relative importance of
bands for glucose measurements.

4.1 Spectral Analysis to Measure Glucose
We analyze di�erent glucose concentrations inwaterusing
a high-end hyperspectral camera. We note that this study
is di�cult to do with humans, as the glucose level may not
change quickly, and it is hard to cover the entire glucose
range. Nonetheless, studying glucose concentrations in water
provides good approximations of glucose concentrations
in blood and interstitial �uid in the skin, as water is the
dominant component in both.
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Figure 2: Penetration of wavelengths
in skin tissues.

Figure 3: Measuring glucose using
spectral analysis.

Figure 4: Relative importance of spec-
tral bands.

We prepared glucose solutions using distilled water as
a dissolving medium for the dextrose powder (pure form
of sugar) to achieve concentrations ranging from 40 to 500
mg/dL with 20 mg/dL increments, which cover the entire
practical glucose range. In total, we prepared 25 samples in
30 ml glass bottles, one of which was plain water.

Our experimental setup consists of the hyperspectral cam-
era (model: Specim IQ and costs about $35K), a halogen light
source, and 25 bottles with di�erent glucose concentrations.
The camera captures 204 wavelengths in the 400�1000 nm
range, each with a spatial resolution of512� 512pixels.
The halogen light source is recommended by the camera
manufacturer because it emits power across the 400�1000
nm range, unlike common sources such as LED and �uores-
cent. We captured a hyperspectral image for each glucose
concentration and computed aspectral signaturefor it. The
spectral signature is the normalized re�ectance across all 204
wavelengths. It is computed per pixel and typically averaged
across multiple pixels in a small square area of the captured
scene. In our experiments, the signatures are averaged across
all pixels in8 � 8 pixel areas.

We plot the spectral signatures of all 25 samples in Fig-
ure 3. The black curve represents the spectral signature of
pure distilled water. To facilitate visualizing the results, we
divide and color code the glucose concentrations into three
ranges: 40�180 (blue), 200�340 (green), and 360�500 mg/dL
(red). We draw the curve corresponding to the highest glu-
cose concentration in each range as a solid line, while others
are dotted. The results in Figure 3 indicate that as the glu-
cose concentration increases, the absorption across di�erent
bands increases, and the corresponding re�ectance decreases
with respect to pure water. Thus, spectral analysis is apo-
tential solution for detecting glucose concentrations.

We note that the human skin is much more complex than
simple glucose solutions in transparent bottles. Therefore,
a detailed analysis of how various wavelengths contribute
to measuring glucose in human skin is needed, which we
conduct in the next section.

4.2 Band (Wavelength) Selection
Relative Importance of Bands. We �rst analyze the rel-
ative importance of spectral bands on the accuracy of mea-
suring glucose from the ISF in human skin. We use a subset
of the data collected during our user study (detailed in Ÿ6.1).
This dataset has many reference glucose readings measured
by a CGM device from 31 diverse participants over multiple
weeks. Each reading is paired with a hyperspectral image
taken at the same time for the participant's inner wrist.

We implemented a supervised learning model to map the
spectral signatures computed from the hyperspectral im-
ages to their corresponding reference glucose readings. We
designed gradient-boosting decision trees to capture the rela-
tionship between each spectral band and the glucose reading.
To analyze each band's contribution in predicting glucose, we
use the SHAP (SHapley Additive exPlanations) [42]. SHAP
uses a game theoretic approach that measures each player's
contribution to the outcome. Our model treats each spectral
band as a player/feature contributing to the output (glucose
estimation). Speci�cally, we compute a band's contribution
(SHAP value) by �rst calculating the average prediction of
the model across the entire dataset, referred to as the baseline.
Then, we compute the marginal contribution of the band
by considering all possible subsets of bands. This involves
adding/removing the band to a given subset and calculating
the change in prediction from the baseline. Then, we average
these changes across all possible subsets. We note that there
are204!subsets in each case, which is infeasible to try. We
utilize the approximation method in [42] to explore the rele-
vant subset of bands. The run time for each case is several
hours on a decent workstation. We repeat this computation-
ally expensive process for each of the 204 bands captured by
the hyperspectral camera in the 400�1000 nm range.

Using these experiments, we compute a ranking for each
of the 204 bands based on how much the model performance
gets a�ected by eliminating that particular band. For illustra-
tion, we show the top �ve and bottom two bands in Figure 4.
The x-axis denotes the SHAP values, which measure how
much a band contributes to pushing the model's prediction
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Figure 5: Impact of the number of bands on the ac-
curacy of glucose estimation and the locations of the
most important bands in the 400-1000 nm range.

away from its expected value (the baseline). Dots clustered
around zero re�ect samples where the band has little im-
pact, meaning the prediction stayed close to the baseline.
Red (blue) dots mean that the band pushed the prediction
higher (lower) than the baseline. To illustrate, consider the
top 941.95 nm band. It has the largest mean SHAP value
in the positive direction (>40) and is color-coded blue. This
means when the re�ectance value of this band is low, its
contribution to glucose prediction is high.
E�ect of Number of Bands. The above SHAP analysis
provides arelativeimportance for each of the 204 spectral
bands on the accuracy of predicting glucose. We further
analyze the e�ect of the number of bands on the accuracy.
In other words, we analyze themarginalcontribution to the
prediction accuracy as we successively consider more bands.

We train 204 glucose prediction models; the model's design
is described in Ÿ5.4. Each prediction model takes a di�erent
number of spectral bands as input. The �rst model takes only
the top 1 band (942 nm) according to the SHAP analysis. The
second model takes the top 2 bands (942 and 945 nm), the
third model takes the top 3 bands (942, 945, and 936 nm),
and so on, until the last model takes all 204 bands as inputs.
We assess the accuracy of the prediction model using the
absolute relative di�erence (ARD) between the predicted
and reference glucose values, normalized by the reference
value. We plot the mean of the ARD (referred to as MARD)
achieved by all models in Figure 5.a. The results indicate
virtually no performance gain from bands beyond the top 50,
as the MARD stabilizes around 10% for 50+ bands. In contrast,
each of the top 10 bands provides a signi�cant performance
gain; in total, the MARD decreased from around 19% (for the
top 1 band) to less than 12% (for the top 10 bands). Adding
the next 10 bands reduced MARD by only 1�1.5%, while the
following 30 bands provided tiny gains.

We present the distribution of the top 50 bands for glu-
cose prediction across the 400�1000 nm range in Figure 5.b.
For easier identi�cation of the important bands and where

they are in the spectral range, we color-code the bands as:
(i) top 10: red, (ii) 11�20: blue, and (ii) 21�50: black. Two
observations can be made on this �gure. First, �ve spectral
ranges can be identi�ed, which are: [920�950], [850�880],
[780�810], [450�480], and [550�600]. These ranges capture
various information for glucose measurements. For example,
the [920�950] range has the least water absorption and thus
has the highest correlation to the glucose concentration. The
[450�480] range captures the melanin information, which is
crucial for handling user diversity. The [850-880], [780�810],
and [550�600] ranges are important for light penetration in
di�erent levels of the dermis, which help in handling various
skin thicknesses.

The second observation on Figure 5.b is that multiple
bands are close to each other in the spectral range. For ex-
ample, four of the top 10 bands (942, 945, 936, 939 nm) are
all within 9 nm range. Further, the spectral distance between
the neighboring bands is only 3 nm. This �ne granularity
is only possible with high-end spectral cameras, because
their design includes complex optical elements and narrow
band-pass �lters. In contrast, mobile devices typically have
simpler hardware and can only capture wider bands. Given
these physical/practical limitations, our results in Figure 5.b
can help in selecting the most important bands to capture in
future devices designed for glucose measurements. For ex-
ample, if a device would capture only �ve bands, our analysis
indicates that a single band should be chosen from each of the
above-mentioned spectral ranges to increase the system's ro-
bustness to various issues. If the device would capture more
than �ve bands, the extra bands should �rst be allocated to
the more important ranges (e.g., ones with more red lines).
Summary. Since the SHAP analysis is model agnostic [42]
and rigorously examines all band combinations, the results
in this section o�er a systematic approach to rank spectral
bands in order of importance for glucose prediction. This
is useful for designing future glucose measurement devices
with minimal hardware cost by selecting only the most essen-
tial bands. Our analysis also shows the distribution of bands
across the 400�1000 nm range, which can provide further
guidelines on selecting bands given the physical limitations
of the glucose measurement devices compared to high-end
hyperspectral cameras.

5 DESIGN OF THE PROPOSED SYSTEM
5.1 Overview
Main Components. An overview of GlucoSense is pre-
sented in Figure 1. It contains three main components. The
�rst is a mobile sensing solution to capture visible and NIR
signals on phones. For obtaining NIR signals on smartphones,
we presentfour possible solutions in Ÿ5.2. The second com-
ponent is a spectral reconstruction machine learning model
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to convert captured sparse signals into rich spectral bands.
This is presented in Ÿ5.3. The third component is a machine
learning model to estimate glucose concentration from the
reconstructed spectral signals, which is detailed in Ÿ5.4.
Operation. At a high level, GlucoSense operates as follows.
The two machine learning models are �rst trained on a work-
station. Then, they are uploaded to a phone. To estimate glu-
cose, a user takes RGB and NIR images of the inner part of
their wrist by the phone. These images are then upscaled to
multiple spectral bands by the reconstruction model. Then,
the reconstructed bands are fed to the glucose estimation
model, which outputs the predicted value in mg/dL.

5.2 Infrared Sensing on Phones
We present four camera designs to obtain NIR signals on
smartphones: (i) Using full spectrum RGB cameras with no
IR �lter (RGB-NoIR), (ii) Designing camera sensors with
custom RGB-NIR �lter (Custom), (iii) Using stereo NIR depth
cameras (RGB+NIR), and (iv) Using the time-of-�ight (ToF)
sensors on modern smartphones (RGB+ToF). We analyze
the pros and cons of each solution in the following, and we
experimentally evaluate their performance in Ÿ6. We note
that the RGB+NIR design is the only solution that works
on current, unmodi�ed phones. Thus, when we refer to the
performance of GlucoSense, we mean the results achieved
by the RGB+NIR design.
Using Full Spectrum RGB Cameras. Regular RGB cam-
eras consists of an IR �lter which is typically a thin �lm
attached to the camera sensor. Removing the IR cuto� is a
simple hardware change as shown in [5]. RGB sensors with
no IR �lters are calledfull spectrum RGB. These sensors are
already used in surveillance cameras [2] for day/night video
capturing and infrared photography. To realise our ideas for
GlucoSense, we assemble an image capturing system using a
Raspberry Pi Camera Module 3 NoIR[4], as shown in Figure 6,
in combination with o�-the-shelf low-powered850=< LED
(emission curve shown in Figure 7.a). We choose this illumi-
nation wavelength because the highest spectral response of
the RGB-NoIR sensor is at� 850=< in the NIR range.

The advantages of using RGB-NoIR sensors are the simplic-
ity and existence of commercial cameras without IR �lters
[4]. Also, this is asingle sensorsolution, where we capture
visible and NIR signals on the same sensor. Removing the
IR �lter, however, damages the visual quality of regular im-
ages. Thus, this solution is more suitable for imaging systems
designed especially for glucose monitoring or to bring this
solution to wearable devices, e.g., smartwatches.
Designing Camera Sensors with Custom RGB-NIR Fil-
ter. Full spectrum RGB (NoIR) sensors capture NIR signals
mixed with RGB bands (Figure 6.b). This provides limited
information in the NIR range. Multiple alternativesingle

Figure 6: Full spectrum RGB camera with no IR �lter.

Figure 7: Camera with custom RGB-NIR �lter and sep-
arate NIR illuminations.

sensorcamera designs have been proposed in the literature
to allow for capturing anexplicit NIR band with minimal
or no damage to the RGB image quality. This is realised
by replacing the traditional Bayer color �lter array with a
custom-designed wavelength �lter array that has an explicit
�lter for the NIR band as illustrated in Figure 7.b. A compre-
hensive performance analysis of various �lter arrangements
is presented in [44]. The authors demonstrate that the4 � 4
�lter pattern shown in Figure 7.b results in the best overall
performance in terms of obtaining an explicit NIR band with
no damage to the RGB bands.

To evaluate GlucoSense, we assembled a camera system
with a commercial custom sensor board,Model AR0237 RGB-
IRfrom ON Semiconductor [3]. This sensor and its sensitivity
are shown in Figure 7.b. The sensitivity was obtained from
the manufacturer's data sheets. The manufacturer also pro-
vided us with its custom image acquisition and processing
software. We capture raw RGB and NIR signals and then pro-
cess them to get standard RGB and NIR bands. This imaging
setup is also used with850=< LED similar to the previous
setup in combination with ambient light for visible range.

The advantages of using the custom RGB-NIR sensor in-
clude better spectral reconstruction compared to RGB-NoIR
sensor and maintaining the quality of RGB images. This is
also asinglesensor approach but the disadvantages are the
complexity and cost of manufacturing imaging sensors with
custom �lters. This solution can be useful for designing fu-
ture smartphone cameras and specialized sensing systems
for mobile health applications such as GlucoSense.
Using Stereo NIR Depth Cameras. Depth sensing tech-
nologies on smartphones have evolved signi�cantly over
the past few years. A depth sensor in a mobile camera is a
component that measures the distance between the camera
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