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ABSTRACT Localizing a smart capsule within the gastrointestinal (GI) tract is essential for high perfor-
mance, accurate sensing as well as efficacious drug delivery at designated locations. In this work, we describe
a data-driven framework that employs a near infrared (NIR) tracking scheme to achieve the localization of
smart capsule in GI tract. A prototype of the tracking system consists of a single NIR LED of 940 nm
incorporated with an array of readout device that integrated with an array of NIR photodiodes. A data-
driven approach was applied to build the non-linear estimation model and estimate the capsule’s localization
by interpolating the outputs of the photodiodes in response to the movement of the NIR LED. Three
different machine learning models: support vector regression (SVR), KNN, adaptive boosting (AdaBoost),
and the trilateration positioning approach were trained on calibration data. These models were validated
in ex vivo experiments with different thick of porcine tissue (e.g. 20 mm thick) using a NIR LED (three
types of intensities) and three photodiodes in different patterns. The capsule localization predicted by these
machine learning models showed best estimation results (R2

= 96.00%, and RMSE= 5.13 mm) when using
Adaboost; a second best performance was achieved by SVR with a tradeoff on accuracy and time saving.
These results suggest that the proposed machine learning data-driven enabled NIR tracking system can be
an effective tool for measuring real-time location of gastrointestinal capsule.

INDEX TERMS Smart capsule, location estimation, near infrared, machine learning.

I. INTRODUCTION
Diagnostic and therapeutic approaches in the human
gastrointestinal (GI) tract can benefit from smart capsules
with on-board miniaturized electronics that are able to per-
form various sensing and actuating functionalities with no
discomfort or pain to the patients [1], [2], [3]. One of their
main applications is non-sedative and non-invasive capsule
endoscopy, which couples an imaging sensor with an illumi-
nation unit to capture and transmit (wirelessly) images of the
GI tract to an off-body or body-worn device. The PillCamTM

is one of the best-known endoscopic capsules and is used as
the gold standard for collecting images from hard-to-reach
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areas throughout the GI tract [4]. In addition to image cap-
turing, pharmaceutical companies have also been interested
in site-specific drug release within the GI tract for increased
therapeutic efficacy in preferential absorption positions. One
of such modalities was the InteliSite R© capsule supplied
by Innovative Devices (Raleigh, NC, USA), which uses an
external radiofrequency to activate a bent shape-memory
alloy actuator to rotate and align a series of holes in an
outer sleeve and drug reservoir, enabling the drug release
through the holes (location tracking was accomplished by
x-ray fluoroscopy) [5]. Meanwhile, many researchers con-
tinue to investigate and improve the fundamental perfor-
mance and capabilities of smart capsules along various fronts,
including more precise control of locomotion and tracking
of position/movement, integration of multiple sensors, and
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incorporation of actuator systems for medication release.
For instance, IntelliCap R©, produced by Philips, employs the
embedded commercial pH and temperature sensors to profile
its real-time location in the gut and release therapeutic agents
to the targeted position via a programmable stepper motor [6].
Despite these efforts, challenges remain for the development
of an affordable, autonomous, and practically invisible (no
user intervention) smart capsule for human GI health.

Among the aforementioned problems, one of the main
difficulties for their applications in clinics is the lack of
continuous or periodical real-time location estimation of such
capsules; for gastroenterologists, the GI tract is regarded as a
black box in terms of visual localization. Common localiza-
tion methods include magnetic tracking [7] or imaging tech-
niques using X-ray or gamma scintigraphy [8]. The magnetic
method has a short interrogation range and requires compli-
cated instrumentations and accurate setups; while, imaging
techniques are not real-time and require the patient to be in a
controlled clinic setting and moreover pose health hazards if
used frequently. For positioning and triggering drug release,
physiological biomarkers, such as pH, can be utilized, as is
the case in IntelliCap R©, which releasesmedication at specific
sites of GI tract by means of continuously monitoring and
interrogating the surrounding pH change with the help of
an external recorder. A similar concept was developed by
the Ziaie group from Purdue University [9], wherein a 3D
printed capsule was incorporated with a pH-sensitive hydro-
gel for autonomously triggering drug release in the small
intestine at a tunable time delay after encountering a low-
to-high pH transition. However, the GI tract, specifically the
small intestine, has a narrow pH range from slightly acidic to
neutral [10] varying from time to time and from one person
to another, thus reducing the reliability of pH-driven capsule
localization. Other techniques, such as radio frequency (RF),
can capture the feedback and concurrently process the unique
features of electromagnetic waves (e.g., intensity, angle,
RF identification) with a dedicated algorithm to determine
the relative locations of capsules. Although they are able to
achieve a high accuracy, their availability for in vivo tracking
of endoscopic capsules suffers several shortcomings, includ-
ing vulnerability to large attenuation through the human body,
susceptibility to surrounding environmental RF interference,
and undesired negative effects on biological cells [11], [12],
[13]. On the other hand, ultrasound at low frequency of ∼2
MHz can achieve an improved soft tissue penetration of >10
cm [14]; however, its major application in biomedical areas is
still for non-invasive powering or clinically relevant imaging
instead of instantaneous localization [15], [16], [17].

Recently, visual-based estimation techniques have gained
much scientific interests to tackle capsule tracking issues,
as they can translate surrounding sensory features into
updates of location with a statistical estimation framework.
One such method is visual odometry (VO), which has widely
been used in robotics. Its principle is to estimate themost opti-
mal result by fusing relative and absolute sensory information
together with a joint statistical distribution. The selection of

the distribution should take the consideration of the statistical
properties of different kinds of sensors together to get a
more accurate result. As such, typical estimation methods,
such as Kalman filtering or Particle filter, are used [18].
To accelerate the computational speed and lower the cost
of the solution, vector quantization (VQ) neural networks,
or VQ with reduced dimension can be applied [19], [20].
In this regard, the estimation of capsule location inside the
GI tract should also benefit from these filtering methods,
whereas, the efficiency of using these algorithms in imaging
processing could be significantly compromised by the limits
of transmission rate or powering of capsule.

On the other hand, data-driven methods have been proven
to be an efficient method for estimation problems. Given
an appropriate model and sufficient data, the localization
problem can be solved in real-time and accurately. For
instance, a Multi-Layer Perceptron (MLP) was used to esti-
mate the 3-axis location of a PillcamTM capsule with respect
to anatomic landmarks of an artificial bowel [21]. Neverthe-
less, neural network methods, such as MLP or deep learn-
ing, usually require a large amount of labelled data and
dedicated-designed model tailored for applications, which
may create other problems for clinical practitioners who are
usually lack of technical background.

As a simple and cost-effectivemethod to solve these above-
mentioned problems, we propose a near infrared (NIR) esti-
mation system that is able to measure the 3D spatial position
of a gastrointestinal capsule in real-time. In recent several
decades, NIR optical technologies become a fast and non-
destructive analytical technique that offers many advantages
for a large variety of medical purposes. For instance, NIR
spectroscopy can be applied in the pharmaceutical industry
from raw material identification to final product release [22].
The use of NIR in microscopic fluorescence imaging for in
vivo molecular imaging has also been investigated because
of its capacity to penetrate deep tissue at a wavelength of
650 to 900 nm [23], [24]. The development of NIR sensitive
nanoparticles, which combine with NIR light to trigger the
photothermal drug release and thereby improve therapeutic
effectiveness, also benefits remotely controlled drug delivery
systems [25]. Additionally, NIR LEDs (light emitting diodes)
can be integrated in an ingestible lab-on-chip device that
functions as an optical-mechanical analytical tool [26] for
gastrointestinal bleeding detection [27].

In this work, the capsule can equip an array of NIR
LEDs to allow NIR light to penetrate human bowel tissue
and be detected in real-time by a handheld device incor-
porated with an n × m array of high-performance photo-
diodes. To target a more precise estimation, we implement
a data-driven framework to learn the non-linear mapping
properties between the LED-to-photodiode distance and the
intensity of received NIR light irradiance. The data-driven
methods are chosen over the filtering methods because the
latter is more suitable for fitting in linear situations. The
novelties of our approach are: (1) the use of on-board and
commercially available NIR-LED arrays with appropriate

92482 VOLUME 10, 2022



H. Jiang et al.: Machine Learning Enabled NIR Tracking Scheme for Localization of GI Smart Capsule

FIGURE 1. A smart capsule emits NIR light source to be detected by the
photodiodes array (n × m), which generates various received NIR
irradiance gradient at the XY plane for positioning algorithm analysis to
enable the real-time location tracking of the capsule in human GI-tract.

TABLE 1. Parameters of light emitter diode.

wavelengths (750 to 1400 nm) that allow deep penetration
within soft tissue [28] and are safer to humans as compared to
X-ray or gamma ray [24]; and (2) a data-driven framework to
estimate the 3D location of the gastrointestinal capsule inside
the GI tract which clinical practitioners adapt to different
individuals. Fig. 1 shows the conceptual schematic of the
proposed capsule tracking method in the GI-tract.

II. EXPERIMENTAL SECTION
A. NIR-LED LOCALIZATION SCHEME
Three NIR LEDs (VSMB194X01, VSMY140X01,
VSMY5940, from Vishay) at a wavelength of 940 nm were
chosen as the light source and denoted as LED-L (L for
low), LED-M (M for median), LED-H (H for high) based
on their irradiance strength, respectively, Table 1. The receiv-
ing electronics consists of the photodiode (denoted as PD,
VBP104S, from Vishay) as the light receiver and a pho-
toelectric circuit configured with a four-channel op amp
(operational amplifier, AD8618, fromAnalog Devices) as the
transimpedance amplifier for converting and amplifying the
PD’s light-dependent current into voltage capable of being
finely resolved. Note that the non-inverting input of the op
amp receives a modest bias voltage (0.1 V) obtained from the
positive supply. This could prevent the output from saturating

FIGURE 2. (a) Conceptual illustration and (b) photograph of experiment
setting to evaluate the tracking performance in various thick porcine
tissue (mimicking human soft tissue) by fixing a Tri-PDs array at the
bottom and moving LED at the 3D space by a XYZ manipulator.

at the negative supply rail under the absence of input current
circumstance.

Fig. 2 illustrates the experiment setup. Assuming the thick-
ness of human abdominal tissue is at a fixed value (e.g.,
20 mm) by a small variation [29], given the external readout
from each photodiode, the LED position in the XY plane can
be estimated. In this work, a group of porcine tissue was used
to mimic human abdominal tissue of different thickness. The
NIR LED and PD array were placed on the top and bottom of
the layered porcine tissue, respectively. The characterization
of the PD outputs as a function of the LED positions was
performed by scanning the LED over the PD array with a
motor-controlled manipulator at a step size of 5 mm over a
cubic space of 300 × 300 × 300 mm3.

The localization experiment is proceeded in two phases.
Phase I employs a pair of LED-L and PD as transmitting
and sensing unit via a variety of porcine tissue at a step
of approximate 5 mm from 7 to 23 mm thick to obtain
the tendency curve between three-dimensional distance and
receiving irradiance. Phase II utilizes a NIR LED and an equi-
lateral triangle PDs array (Tri-PDs array, side length 50 mm)
across a fixed porcine tissue of 10 mm or 20 mm thick to
investigate the NIR tracking characterization by only varying
the transverse directions. These experiment settings mimic
most practical environments, where the capsule locomotion
is driven by natural peristalsis and the tracking system (i.e.,
photodiode array with integrated electronics, shows in the
center of Fig. 2) is fixed at some place upon the abdomen
skin or mounted on an elastic belt around the abdomen.
In phase II, to compensate the declined accuracy induced by
light attenuation over porcine tissue, not only LED-L but also
LED-M and LED-H were applied. Note that an air gap of
1 mm is added upon the porcine tissue for both phases for
moving LED in the controlled path undisturbed by avoiding
physical contact with the tissue.

All the experiments used a constant power supply to fix
the emitting irradiances of NIR and a data acquisition sys-
tem (DAQ 970A, Keysight) to continuously measure and
record the output from the photoelectric conversion circuit in
terms of voltage signal for data analysis. All the tests were
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conducted in a black box to eliminate the interference of
ambient light; the background noise, i.e., dark current, was
analyzed using the same setting but with the LED off. All the
experiments were performed in triplicate.

B. DESCRIPTION OF THE DATA
In the experiment of Phase I, the NIR LED-L was carefully
controlled to move upon different thick porcine tissue at a
rate of 1000 mm/min in x and 800 mm/min in y direction
respectively, covering a scanning area of 250 mm × 96 mm.
Whereas, as to the experiment of Phase II, the NIR LED
moves upon the fixed porcine tissue (thickness = 10 or
20 mm) at a rate of 1000 mm/min in both x and y direction,
covering a scanning area of 150 mm× 150 mm. At the same
time, the sampling frequency was set to be 10/3 Hz, thus
allowing a spatial sampling size of 5 mm in each horizontal
scan. In phase I, such manner resulted in 51 data points per
horizontal scan and a total of 1275 points over the entire
sampling area; while, in phase II, it generated 31 data points
per horizontal scan and a total of 961 points per PD (thus a
total of 961 × 3 = 2883 points for the Tri-PDs array) over
the entire sampling area. As all the output irradiance strength
data was measured in triplicate, a low-pass filter was applied
to reduce random electrical noise [30] resulting in the average
of three samples at each x and y position. Note that the LED
moving rate is set to approximately 1.6 cm/s to meet the
practical peristalsis rate, ranging from 0.5 cm/s to 2 cm/s [31].

The photodiode reads the NIR irradiance strength in units
of amperes. The sensor outputs were converted to irradiance
strength (denoted as symbol I) as follows:

I(x,y) = 1A(x,y)/40,

where irradiance strength has units of mW/cm2, 1A is the
difference between the measured reverse light current and
the dark current (i.e., 1A=A_final–A_(dark current)), 40 is
the constant conversion factor given by the photodiode man-
ufacturer for a large range of received light current of 0.4 µA
to 80 µA, and (x,y) is the coordinate pair of the recorded data
point in the x and y direction at each step along 5 mm.

III. DATA DRIVEN FRAMEWORK
This data-driven framework aims to estimate the location
of the digestible capsule in the human GI tract by trac-
ing the spatial irradiance strength change of the NIR LEDs
with an array of photodiodes held outside the human body.
In practice, the optical signal path between the LEDs and
photodiodes is affected by variations of the three-dimensional
distance between LEDs and photodiodes due to the capsule
moving towards or away from the photodetectors or due to the
capsule rotating/vibrating, or by changes in abdominal tissue
thickness along the GI tract. As the first step in demonstrating
this concept, however, we demonstrate the feasibility of using
an on-board NIR light source to localize a gastrointestinal
capsule in a semi-three dimensional space (like various XY
coordinates but fixed Z position) before considering a more

FIGURE 3. Schematic diagram of data-driven algorithm to estimate the
capsule position at the XY plane through the received irradiance strength
of NIR-LEDs.

complicated, three-dimensional one. For this purpose, an esti-
mation based on data driven method is proposed in this work.
We will firstly formulate it as a static estimation problem
in a noisy scenario by a statistical model. In order to solve
this problem, a regression analysis will be used. Practically,
to solve it as a non-liner regression problem, three learning-
based regression methods will be adopted in this framework.

Fig. 3 shows a schematic diagram of the data-driven
framework, all data acquired from Phase II. Calibration data
consisting of the received irradiance strength was measured
via scanning the XY space of the porcine tissue (10 mm
or 20 mm thick) with the Tri-PDs array underneath by
using three types of NIR LED. Next, the ML models were
trained using position and irradiance strength data. After
training, the ML-enabled models were able to predict the
three-dimensional distance between LED and PDs array
from irradiance strength data. Three different machine learn-
ing algorithms, including support vector regression (SVR),
Adaptive Boosting (AdaBoost), and k-nearest neighbors
(KNN), were arranged to evaluate the tracking performance
in Phase II experiment. A comparison of the prediction scores
is then conducted to assess the performance of using one
configuration over the rest. Besides, a traditional trilateral
algorithm was conducted in the same procedure and used to
compare its results to those from ML.

A. DATA COLLECTION
Consider a sample of measurements of irradiance strength
I = {Ik}

n
k=1 = {i1k , i2k , i3k}

n
k=1representing a physical pro-

cess of each photodiode receivingNIR light signal via porcine
tissue within the sampling area of tracking experiment.
Assuming the NIR light direction is always pointing verti-
cally downward in the experiment, the received irradiance
Ik can be described as the function of the three-dimensional
distance between the NIR LED and the photodiode array,
i.e., Ik = f (xk , yk , zk )nk=1. For a uniform tissue thickness,
e.g., z = 20 mm, the formula can be further simplified
to Ik = f (xk , yk )nk=1. This process will generate a subset
of data, each with n = 961 tuples, in the format D =
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{(I1, x1, y1) , . . . , (In, xn, yn)} for each photodiode of the
Tri-PDs array configuration, resulting in 3 subsets in total.

Once the capsule is swallowed, the only trackable signal,
NIR in this context, will have its irradiance strength varying
as a function of the spatial distance between the NIR LED
and the photodiodes. In general, this type of problem can
be classified into one of tracking estimation using remote
sensing methods (e.g., NIR, magnetic field, radio frequency,
etc.), whose input is the received wireless signal and whose
output is the corresponding estimated position of the tar-
get being tracked. In our case, the input is the received
NIR irradiance strength, denoted as Ik, and the output is
the 2D-coordinates position between the moving NIR LED
and the fixed photodiodes, denoted as Pk = (xk , yk ) for
k = 1 to n. Therefore, the trained estimation model can be
expressed as Pk = f (ik) , k = 1 to n.

B. PRE-PROCESSING METHOD
Since the data points collected usually include noisy data
which may result from the reflection of infrared light or other
reasons, a pre-processing method following the mean filter-
ing (in II.B) should be used to filter out the noises. As the NIR
light crosses through the porcine tissue, the receiving irradi-
ance typically shows the Beer–Lambert profile, in which a
majority of light strength will attenuate exponentially to be
within a small range once over a certain distance from the
LED to the PD (more details shown in Fig. 4 and section IV).
Therefore, a thresholding filter could be applied to eliminate
the data if it is smaller than the threshold; or, the data will
be maintained if it is larger than the threshold. To this end,
three thresholds were set to a value of 0%, 50%, or 75%,
referring to the percentage of the received maximum irra-
diance. It is worth to notice that as the threshold increases,
the detection range decreases while the detection accuracy
increases, which, later, is investigated in section IV.

C. REGRESSION ALGORITHMS
The main component of the prediction framework is the
regression models, where three machine learning (ML) algo-
rithms: SVR, AdaBoost, and KNN were implemented as
standard baseline approaches. For this purpose, the Python
programming language and the scikit-learn ML library [32]
were employed to model the data using threeML approaches.
GridSearchCV in the library was used to search for and tweak
the hyper-parameters of the best cross validation score in
all ML algorithms by exhaustive searching over specified
parameter values over the estimator.

Support Vector Machine (SVM) is a supervised learn-
ing algorithm, based on statistical learning theory [33] and
focusing on the data points (i.e., support vector) that are
closest in the feature space to the optimal boundary between
classes. The aim in SVM is to find the optimal boundary
which maximizes the separation, or margin, between the
support vectors. It is one of the most commonly usedmachine
learning algorithms suitable for classification or regression
analysis of low-throughput, high-dimensional datasets such

as Support Vector Classification (SVC) and Support Vector
Regression (SVR). Since our output data illustrated a certain
level of linear regression characteristics, we employed SVR
as our first ML algorithm. In this regard, we set the default
hyperparameters of kernel trick as Gaussian Function, c =
1 and gamma = auto.
KNN is one of the simplest ML algorithms based on

Supervised Learning technique. It can store all the avail-
able data and predict estimations by the ‘feature similarity’
measurement, which refers to the nearest neighbors of data
labels [34]. Unlike the KNN classification, the regression
based on KNN can be employed in the context of the data
labels are continuous rather than discrete variables. Here,
the KNN hyperparameters k (number of neighbors) = 5 and
weights (distance from these neighbors) were set to uniform
as default.

AdaBoost is one type of learning method that seeks to
boost the accuracy of a given learning algorithm by convert-
ing weak learners to strong learners [35]. In AdaBoost, the
prediction model is trained to improve the weak learners by
assigning higher weights to incorrectly classified observa-
tions and concurrently force the weak learner to focus on the
hard samples in the training set. This process is performed in
an iteration procedure to grow weaker learners sequentially
until weak learners are converted into strong ones., Therefore,
we conducted AdaBoost algorithm with a regression model
as another effective method to improve the accuracy of the
prediction. In this study, the initial hyperparameters were
configured to n_estimator = 50 and Loss Function as linear.

D. THE TRAINING PROCESS
At first, the data were normalized and randomly split into
training set and testing set with ratio of 8:2. Next, the param-
eters of the ML algorithms were optimized using a k-fold
cross-validation method, allowing for randomly sorting and
splitting the training data into k subsets of mutually exclusive
datasets (k= 5). Then, k - 1 datasets were randomly selected
for training the ML algorithm, and one remaining dataset
(thus a 20% split) was used for performing the validation of
the training model. This optimization process was iterated k
times by changing the held-out dataset. At last, the testing
dataset was employed for generating the prediction value.

In this work, the performance of the trained model for
the specific training parameters were evaluated by coefficient
of determination (R2), mean squared error (MSE) and root
mean squared error (RMSE). The R2 value expresses the
ratio of the variance explained by the ML model and the
total variance of the data, which indicates how close the data
samples are to the fitted regression line. The range of R2 value
is always between 0 and 1, where a value of approaching
to 1 indicates a good amount of agreement between most
of the predicted values and the reference values. The MSE
measures the average squared difference (defined as ‘‘errors)
between the estimated values and the actual value, which
helps to indicate how close a set of data points are to the
regression line by the predicted model. It also gives more
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FIGURE 4. Top-view of three-dimensional heat-maps resulted from Phase I, i.e., one LED-L moving on the top of porcine tissue and one PD
fixed at the center of bottom over a XY plane of 250 mm × 96 mm with various tissue thickness. Insets (from bottom to top) indicating
receiving irradiance strength versus XY distance between LED and PD by increasing tissue thickness from 7 mm to 23 mm at a step of
approximate 5 mm.

weight to larger differences. The RMSE was calculated as
the root mean square of the absolute errors of the distance
between the predicted data and corresponding reference data
in three-dimensional space.

E. TRILATERAL POSITIONING ALGORITHMS
Trilateral positioning algorithm is a commonly used localiza-
tion method in wireless sensor networks applications [36].
Based on the attenuation of wireless signal strength with
propagation distance, the distance can be deduced according
to the attenuation model formula, so as to carry out target
positioning [37]. In this regard, the distance between light
source and receiving site can be calculated by a mathematical
model of the received NIR irradiance profile in a three-
dimensional space (inset of Fig. 4) as follows:

dik = −a log ((ilk − b)/c),
{
l = 1, 2, 3
k = 1, 2, . . . , n

, (1)

where dik is the distance between the LED and the three PDs,
i is the receiving NIR irradiance by each PD, l is the PD
number, k is the sampling number, and a and b is the constant
from the irradiance mathematical modelling. Afterward, the
3D coordinate of the light source can be obtained by Eq. (2),
where (x1, y1), (x2, y2), and (x3, y3) are the predetermined

coordinates of each PD in the Tri-PDs array.
d21 = (x − x1)

2
+ (y− y1)2 + (z− z1)2

d22 = (x − x2)
2
+ (y− y2)2 + (z− z2)2

d23 = (x − x3)
2
+ (y− y3)2 + (z− z3)2

(2)

IV. RESULTS AND DISCUSSION
A. NIR TISSUE PENETRATION CHARACTERIZATION
Fig. 4 presents a 3D heat-map of the received irradiance
on XY plane of 250 mm x 96 mm with layers of porcine
tissue by using a pair of LED-L (at the top) and PD (at the
bottom). The result shows 4 layers of rectangular heat-map
that each layer represents the irradiance distribution at an
escalated tissue thickness of 7 to 23 mm at an approximate
step of 5 mm. We first checked the relationship between
the received irradiance and the thickness of porcine tissue.
When porcine tissue thickness increased from 7 to 13, 20,
and 23 mm, the irradiance strengths at XY coordinates of
(0, 0) of each layer varied at a range of 2.76 to 0.87, 0.2,
and 0.13 mW/cm2, in a descending order. The observation
of received irradiance inversely-proportional to porcine tissue
thickness was also found in our previous work [38] that the
received irradiance demonstrates a similar exponential pat-
tern in response to the penetration depth, inwhich amaximum
penetration can approach 62 mm porcine tissue at a received
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power of 0.3µW/cm2. Moreover, the received irradiance over
the XY plane also demonstrates a one-directional exponential
decline for the increase of NIR travelling path, Fig. 4, inset.
For example, upon 7 mm thick porcine tissue, the received
irradiance reduced sharply from 2.76 mW/cm2 at the cen-
ter to 0.012 mW/cm2, which was the average value at the
distance of

√
x2 + y2= 28 mm. The rapid decrease, never-

theless, slows down as the porcine tissue raises to 23 mm
thick, at which the received irradiance reduced from 0.13 to
0.039mW/cm2 bymoving LED-L 28mm away from the cen-
ter. The shrinking of received irradiance range induced by the
increase of porcine tissue thickness indicates that compared
to the line-of-sight distance between LED and PD, porcine
tissue plays a more important role in the tissue-attenuation
of NIR LED. As a result, at porcine tissue of 23 mm thick,
the received irradiance was narrowed down to a small range
of 0.06 to 0.012 mW/cm2 at a ring region from inner radius
of 65mm to outer radius of 125 mm. Therefore, to increase
the detection sensitivity (i.e., the slope of irradiance strength
over distance, Fig. 4, inset), a filter on a threshold irradiance
is applied at a cost of the decrease of detection range. Overall,
the results quantitatively identified the amplitude of NIR
irradiance as an exponential function of the three-dimensional
spatial distance between LED and PD,whose reciprocal, thus,
could be used for the monitoring of real-time position of a
smart capsule.

B. NIR LOCALIZATION CHARACTERIZATION
As previously discussed, LED-L illustrates a compromised
exponential irradiance profile that as the porcine tissue
increases over 20 mm, the peak received power at (0, 0) coor-
dinate decreases to 0.2 mW/cm2 with only a small different
to that of value of at 5 mm away from the center. Such small
difference strongly degenerates the system sensitivity and
concurrently confines the detection range in a small region
of few millimeters radius to the center. Thus, to compensate
the thick tissue dominated attenuation when using LED-L,
two more LEDs with larger initial transmission power, i.e.,
LED-M and LED-H, were employed in NIR localization test.
Furthermore, at the receiving site, three PDs were configured
into an equilateral triangle with side length of 50 mm to
achieve the trilateral positioning.

Fig. 5 shows the NIR localization within a XYZ space of
150 mm × 150 mm × 20 mm. As moving a LED over the
XY plane emitting NIR light downwards to the Tri-PDs array
cross layers of porcine tissue, each PD of the array receives an
attenuated NIR irradiance, thus creating a three-PDs overlaid
heat-map at each layer of porcine tissue. As expected, the NIR
tracking system exhibits better penetration characterization
when increasing the initial emission power of NIR LED.
For instance, upon the layer of 20 mm thick porcine tissue,
the Tri-PDs array received the peak irradiances of 0.306 or
0.317 mW/cm2 emitted from LED-M or LED-H, which are
1.53 or 1.585 times of that of 0.2 mW/cm2 from LED-L.
On the other hand, each XY plane reveals three regions sur-

rounding the three PDs, respectively, each with the received
irradiances in an exponential decay pattern. These overlaid
irradiance distributions indicate that the 50 mm side length
of the Tri-PDs array provides sufficient spatial space for each
PD to maintain its own irradiance profile by attenuating the
optical interferences from the other two PDs. Thus, such
arrangement is of great benefit for guaranteeing the system
at a high SNR (signal to noise) for applying the trilateral
positioning. Note that the received irradiance pattern of each
PD appears slightly different, which is caused by the non-
uniformity of porcine tissue.

C. MACHINE LEARNING ANALYSIS
As mentioned previously, a threshold filtering was applied
to the sampled dataset of 961 points, which generated the
reduced dataset of 481 or 241 points by using 50% or 75%
threshold, respectively. To this end, a random selection of
20% of filtered dataset was utilized for the evaluation of ML
analysis in terms of the regression indexes, e.g., RMSE and
R2 scores. In this regard, the high R2 value indicates a strong
correlation between the predicted data and test data, and the
RMSE value represents the Euclidean distance between the
predicted data and test data. Note that only the experiment
with the Tri-PDs covered with 10 or 20 mm thick porcine
tissue were tested as 0 mm thick porcine tissue means no
cover.

Three machine learning (ML) were assessed in this work.
For SVR model, the results were shown in Table S1.
For the scenario of LED-L positioning via 10 mm thick
porcine tissue, the prediction scores of (R2, RMSE) were
(74.3%, 22.49 mm), (83.02%, 14.33 mm), and (85.08%,
10.98 mm) with respect to the threshold of 0%, 50%, and
75%, respectively. The scores were improved (i.e., increase
of R2 but decrease of RMSE) by using LED-M or LED-H.
In response to the threshold of 0%, 50%, or 75%, the former
presents a set of prediction scores (R2, RMSE) of (84.27%,
17.62 mm), (89.13%, 10.35 mm), or (89.76 %, 7.92 mm);
whereas, the latter shows the scores of (76.33%, 21.60 mm),
(88.79%, 11.50 mm), or (88.98 %, 9.28 mm). Similarly, the
improvement of prediction scores by using high power LED
was also observed at 20 mm porcine tissue. For example,
LED-L shows the prediction RMSE of (19.3 mm, 10.82 mm,
9.03 mm), which are (130%, 107%, 109%) of that of (14.83,
10.07, 8.26) by using LED-M. On the other hand, it is inter-
esting to note that compared to LED-H, LED-M illustrates
a better statistical performance, e.g., the highest prediction
score of (R2

= 91.04%, RMSE = 8.26 mm) at 20 mm
porcine tissue was obtained by using LED-M but not LED-H.
This result might be understood by the increase of LED
power causing the raise of interference level from one LED
to the other two. In brief, the comparison reveals that (1) the
threshold filtering is an effective data-processing method to
eliminate the outliers and concurrently improve the accuracy
(particularly in reducing the RMSE value) of SVR analysis;
(2) increasing the NIR intensity can compensate the tissue
penetration induced decrease of tracking performance, but
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FIGURE 5. 3D heat-map generated from the Tri-PDs array receiving NIR irradiance of a LED moving on XYZ plane of 150 mm × 150 mm × 20 mm (Z
referring to tissue thickness), showing an enhanced NIR tissue penetration profile by increasing NIR emission power (from left to right).

requires a careful design of spatial distance among the tri-
angle patterned PDs.

The statistical analysis of KNN model were presented in
Table S2. Unlike SVR, KNN shows the R2 scores for all the
scenarios as a one-direction function of irradiance threshold
but in descending order. One reason for this might be that
because KNNmodel is proportional to the data density, as the
prediction dataset is generated from local interpolation of the
test data relevant to the training dataset’s nearest neighbors.
When reducing the sample size via the threshold filtering,
it’s, nevertheless, inevitable to cause the raise of statistical
errors, e.g., the decrease of R2 value in this context. However,
the RMSE score shows a different pattern. For instance, the
RMSE scores of using LED-H at 0% threshold at 20 mm
porcine tissue are 9.55 mm, which increase to 12.32 mm
at 50% threshold and then decrease to 9.29 mm at 75%
threshold. Other configurations, such as LED-M at 20 mm
porcine tissue and LED-H aswell as LED-L at 10mmporcine
tissue, exhibit the same pattern—RMS score rising initially
but falling later as threshold rises. Hence, it is reasonable
to draw the conclusion that R2 is better suited for KNN
evaluation when compared to RMSE.

The third ML analysis is Adaboost model, who demon-
strates a better performance than both SVR and KNN.
As shown in Table S3, Adaboost had all the R2 score at
approximately 95% and almost the RMSE below 8 mm.
While compared to Adaboost, either SVR or KNN had their
prediction scores deteriorated, like almost all R2 scores less
than 90% or RMSE large than 9 mm. The overall improve-
ment with Adaboost model could be attributed to its nature
as the Adaboost regressor is able to autonomously adjust the
weights of fitting data until to obtain the best optimized value
of the weights. However, Adaboost requires more computa-
tion cost than the other two.

At last, the traditional trilateral positioning was evaluated.
The results show all negative R2 scores and high RMSE
values (>5 times larger than those of three ML models),
Table S4. The trilateration algorithm is based on the receiving
signal irradiance attenuation model in an undisturbed light-
of-sight environment. However, the practical scenario is a
complicated one mainly due to the scattering of NIR light

propagating in the porcine tissue. Thus, it is reasonable to say
that without the assistance of ML analysis, the positioning
prediction of the system by using simple trilateral algorithm
is inaccurate.

In summary, this work successfully demonstrates the capa-
bility of localizing a moving NIR-LED array over porcine
tissue by using a single light source and Tri-PDs array incor-
porated with suitable ML algorithms. All the ML models
present a significant improvement against traditional trilateral
algorithm in NIR positioning. Adaboost presents the best
performance, like the largest R2 score of 96.49% and the
lowest RMSE of 5.13 mm, but it costs more computation
time, approximately one order of that of the other two meth-
ods. Furthermore, the thresholding filter proves to be an
efficient procedure to improve the system performances as
75% threshold in received irradiance shows a better predic-
tion score than 0% threshold in almost all the experiments.
Besides, enhancement can also be done by increasing the
LED power. It is worth noticing that the system works better
generally at 20 mm porcine tissue than it does at 10 mm
porcine tissue, which indicates the potential of the system
available for practical applications as the average abdominal
thickness of normal person is slightly higher than 20 mm.

V. CONCLUSION
We have demonstrated a machine learning-enabled NIR
tracking scheme to predict the spatial position of a smart
capsule performing gastrointestinal diagnostics in GI-tract.
A prototype system was developed by coupling a 3D-printed
capsule equipped with an array of NIR LEDs to a readout
circuit integrated with an array of NIR photodiodes. A data-
driven framework was established with three machine learn-
ing algorithms. The tracking system is capable of measuring
capsule location in real-time over a 2D sensing plane of
150 mm × 150 mm. The configuration of a single NIR
LED and a photodiode presents the penetration tendency
as decays exponentially with distance through the porcine
tissue. When switching to NIR tracking configurations, the
MLmodels (e.g., Adaboost) generate three-dimensional LED
localization with accuracy as high as 96% R2 and 5.13 mm
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RMSE. Future work involves validation of functionality of
the NIR tracking system in large animal models.
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