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An Origami-Inspired Endoscopic Capsule with
Tactile Perception for Early Tissue Anomaly

Detection
Yukun Ge, Rui Zong, Xiaoshuai Chen, and Thrishantha Nanayakkara

Abstract—Video Capsule Endoscopy (VCE) is currently one
of the most effective methods for detecting intestinal diseases.
However, it is challenging to detect early-stage small nodules with
this method because they lack obvious color or shape features.
In this letter, we present a new origami capsule endoscope to
detect early small intestinal nodules using tactile sensing. Four
soft tactile sensors made out of piezoresistive material feed
four channels of phase-shifted data that are processed using a
particle filter. The particle filter uses an importance assignment
template designed using experimental data from six known sizes
of nodules. Moreover, the proposed capsule can use shape changes
to move forward or backward under peristalsis passively. In
the experiment, it was able to return to a specific area for
repeated detection in a straight, two-dimensional intestinal model.
Experimental results show that the proposed capsule can detect
nodules of more than 3 mm diameter with 100% accuracy.

Index Terms—Capsule endoscope, medical robots, origami
robots, soft robots, small intestine, nodule

I. INTRODUCTION

GASTROINTESTINAL cancer is becoming increasingly
common, killing more than 3 million people each year

[1]. Diagnosing patients with gastrointestinal cancer is quite
challenging because there are no typical symptoms in the early
stages. Therefore, many patients are already in the middle or
late stages of gastrointestinal cancer by the time they begin
to feel uncomfortable, which leads to a high mortality rate
[1]. Small intestinal cancer is a kind of fatal gastrointestinal
cancer. The median age at diagnosis is 60 − 65 years [2].
In the United States, the overall 5-year survival rate is only
68.5% [3]. However, if patients receive an early diagnosis,
prognosis, and treatment, the average 5-year survival rate can
be increased to about 80% [4]. However, approximately one-
third of patients are diagnosed with small intestinal cancer
in a later stage [5]. The evaluation and diagnostic process
for small intestinal cancer includes imaging and endoscopic
evaluation. Imaging methods such as computed tomography
(CT scans) and X-rays find it difficult to detect the early
stages of smaller tumors [6]. Capsule endoscopy is currently
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the most commonly used method to detect cancerous masses
in the small intestine [7]. Because it is easier to enter the long
and tortuous small intestine than a traditional tube endoscope.
The current capsule endoscopes are based on Video Capsule
Endoscopy (VCE). However, VCE relies on camera images
of the bowel wall to detect relatively late symptoms such
as abnormal shapes and colors. Capsule endoscopy has a
high missed lesion rate and sometimes the lesions cannot be
clearly recorded because of the lack of propulsion and control
system [8]. The latest advances involve the use of image
processing and machine learning methods to help doctors
diagnose tumors by predicting and highlighting their location
with high accuracy [9]. However, these methods can only
detect clearly visible tumors and detection accuracy drops
dramatically for tumors 5 mm in diameter or smaller [10].

In this letter, we present a type of origami capsule endo-
scope designed for the detection of early-stage tissue anoma-
lies in the small intestine. The conceptual overview is shown
in Fig.1. It consists of a capsule and an origami structure that
wraps around the capsule. The capsule contains a processor,
a battery, and a miniature motor for folding the origami
structure. The origami structure is composed of four ring-
shaped origami units, each made from a flexible piezoresistive
material and covered with a flexible biocompatible material.
The origami structure serves two functions: First, it controls
the movement of the capsule. When the origami structure is
unfolded, intestinal peristalsis propels it forward, and when
it is in a folded state, peristalsis pushes it in the opposite
direction. Secondly, it acts as a nodule detection sensor. When
the intestinal wall compresses the origami structure, the resis-
tance changes with the deformation of the structure. Signals
can be analyzed using a particle filtering algorithm to detect
potential nodules and estimate their size. The rest of this letter
is organised as follows: Section II presents the design approach
and the functional features of the new origami capsule. The
tactile sensor array and particle filter-based nodule detection
are elaborated in Section III. Section IV provides experimental
validation results with indexes to quantify the effectiveness of
the proposed approach for early detection of nodules in the
intestine. Finally, section V provides conclusions.

II. DESIGN AND FUNCTIONAL FEATURES OF THE
ORIGAMI CAPSULE

The process of the origami capsule for nodule detection is
as follows: With the origami structure in an unfolded state, the
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Fig. 1. Conceptual overview of origami capsule for early detection of
intestinal tissue anomaly. (A) When the origami structure of the capsule
is unfolded, it is continuously propelled forward by the peristalsis of the
intestine. (B) The origami structure also serves as a flexible pressure sensor. As
the capsule moves forward, intestinal pressure data is continuously collected.
Potential nodule signals can be analyzed using an algorithm. (C) Once a signal
resembling a nodule is detected, the origami structure will be folded up by an
actuator inside the capsule. (D) The folded origami structure will be pushed
backward by intestinal peristalsis, returning to the location of the abnormal
signal for retesting to improve diagnostic accuracy.

capsule is propelled forward by intestinal peristalsis as shown
in Fig.1(A). During the forward movement of the capsule,
sensors continuously collect and process signals as shown
in Fig.1(B). When a signal resembling a nodule is detected,
the size of the nodule is analyzed. If necessary, the capsule
can return to the suspected nodule location for resampling.
The origami structure can be folded by a miniature motor
as shown in Fig.1(C). The capsule is then pushed backward
by intestinal peristalsis to the previous position as shown
in Fig.1(D). Afterward, the origami structure unfolds again,
moving forward to collect more data.

A. Origami Structure Design

The inspiration for the origami structure comes from wheat
ears. By repeatedly squeezing and releasing a wheat ear in the
hand, it will be found to move in the direction opposite to
that of the awns. In the previous research, we described the
initial version of the origami structure, whose unfolded form
would be pushed backward by the intestine. Once completely
contracted into a rigid body, it could be propelled forward by
peristalsis [11].

Since we analyze and record the deformation caused by the
intestinal squeezing of the origami structure to detect nodules,
the origami structure needs to maintain elasticity and frequent
contact with the intestine as it moves forward. In this study,
the origami structure was modified to the new geometric shape
shown in Fig.2(A). The origami structure is composed of four
substructures connected in series. The right side is the head
of the origami structure, and the left side is the tail. Each

Fig. 2. Origami structure fabrication method. (A) 4 Independent origami
substructures were printed using an FDM printer. The filament was conductive
EelTM TPU. (B) The origami substructure was cut along the dotted line. (C)
An enamelled copper wire was inserted into each cut end of the substructure.
(D)-(E) The cut part of the substructure was reattached using cyanoacrylate
adhesive. (F)-(G) 4 substructures were glued together to form a complete
origami structure.

substructure is a symmetrical hexagon ABCA′B′C ′, aligned
along the black dotted line shown in the diagram. The line
segment BC extends outward a short distance to point D.
Since the origami structure is made of elastic material, the
function of the hexagon is to allow the origami structure to
act like a spring, stretching and contracting under the periodic
squeezing of the intestinal peristaltic waves. The extended
segment CD acts like the awn of a wheat ear, serving to
constrain the direction of movement of the origami structure.
The “awn” D features a gentle chamfer with a radius r of 1
mm to prevent damage to the intestinal wall. The width w of
the substructure is 20 mm, which is less than the width of the
resting intestine. The vertical distance h1 from the symmetry
axis to A is 2 mm, the vertical distance h2 from A to C is 5
mm, and the vertical distance h3 from C to D is 3 mm. The
angle β between CA and CB is 45◦. The angle α between line
segment BD and the vertical direction is 5◦ counterclockwise,
so the “awn” all point to the left, causing the origami structure
to move to the right when compressed.

B. Origami Structure Fabrication

The origami structure was produced through the use of FDM
(fused deposition modelling) printing technology, employing
a Prusa i3 MMU2S printer. The material used was NinjaTek
EelTM TPU (Thermoplastic polyurethanes) 3D printing fila-
ment (1.75 mm diameter, Shore Hardness 90A, containing 18
wt% carbon black) [12]. The electrical resistance of flexible
sensors made from NinjaTek EelTM TPU changes with shape
deformation. The fabrication process is as follows. First, as
shown in Fig.2(A), four origami substructures were printed
independently. The height of the substructures was 5 mm, and
the thickness was 0.5 mm. Then, the origami substructure was
cut along the dotted line in Fig.2(B). As shown in Fig.2(C), to
measure the resistance of each substructure. Wires needed to
be connected to both ends of each substructure. The insulating
paint on the tips of 0.1 mm diameter enamelled copper wires
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Fig. 3. Overall experiment set-up. We tested the origami capsule in a two-
dimensional intestinal simulator. A sphere made of rubber was placed under
the intestinal wall to simulate a nodule. Peristalsis was generated by squeezing
the intestinal walls with cam mechanisms. The silicone sheet placed between
the cam and the intestinal wall was used to make the peristalsis more elastic.
Arduino Mega 2650 was used to record the resistance of each sensor unit
on the origami sensor. The actuator can control the shape of the capsule by
tightening or loosening the ligaments running through the origami capsule.

was removed by heating. Wires were then soldered into both
ends of the substructure (the positions of the blue arrows
in Fig.2(C)) through an approximately 400◦C soldering iron.
Reattach the cut surface of the substructure with cyanoacrylate
adhesive, ensuring that the contact surfaces were fully coated
with the adhesive to prevent short-circuiting and ensure accu-
rate resistance readings, as shown in Fig.2(D) and Fig.2(E).
Each substructure was glued together with cyanoacrylate adhe-
sive to form a complete origami structure, as shown in Fig.2(F)
and Fig.2(G). The area where the units are connected needs
to be fully coated with adhesive to ensure that the units are
insulated and prevent signal interference.

C. Small Intestine Simulator

We designed a set of experiments to test the origami
structure’s ability to detect nodules. A two-dimensional small
intestinal simulator was designed to simulate simplified intesti-
nal environments such as peristalsis and masses. Fig.3 shows
the small intestine simulator set-up. Two parallel intestinal
walls, each 1 mm thick, were made of EcoflexTM 00-10 be-
cause it had similar mechanical properties to intestinal tissue,
which the moduli is 50 kPa [13]. Nodules were simulated
using spheres of 1 mm, 2 mm, 3 mm, 4 mm, 5 mm, and
6 mm. We selected two different hardness levels of nodules
(10A and 60A), made from Dragon SkinTM 10 NV and PT
Flex 60 rubber, respectively [14] [15]. In the research con-
ducted by Gilabert et al, it was found that doctors reviewing
images returned by an endoscope might even miss polyps with
diameters of 6 or 7 mm [16]. Therefore, we selected 6 mm
as the maximum size for the experimental nodules. For each
test, only one nodule was used, and it was placed underneath
the intestinal wall. There were a pair of symmetrical cam

mechanisms on the outside of the silicone sheets to simulate
intestinal peristalsis. The cam mechanism consisted of a row
of 2 mm thick hollow rectangular followers and a spiral cam
shaft running through them. (Thinner followers can produce a
smoother and more continuous curve of intestinal peristalsis.)
The upper and lower sides of the followers were clamped by
the slides, so they could only slide in the horizontal direction.
A 28BYJ-48 Stepper Motor was installed on the end of one
of the cams to rotate. Timing belts were installed at both
ends of the cam shafts to ensure that their rotations were
synchronous and symmetrical. When the motor rotated, the
cams compressed the silicone sheets to form continuous sinu-
soidal waves with a wavelength of 80 mm, similar to the actual
intestinal peristalsis [17] [18]. Since there are few studies
describing the peristaltic amplitude, we set the amplitude to
3.5 mm in this experimental set-up. The lumen diameter of
the small intestine was about 20 mm in a resting state [19].
Since the intestinal walls were sinusoidal shapes in the setup,
we considered the distance between the sinusoidal baselines
of the two silicone walls as the diameter of the small intestine,
which is 20 mm. Since peristalsis is caused by the contraction
of circular muscles and has a certain elasticity, we placed a
2 mm thick Mold StarTM 16 Fast silicone sheet between the
rigid cam and the intestinal wall to make the peristalsis more
realistic [20] [21]. Between two sections of the intestinal wall,
there was a platform marked with measurements, designed to
hold the origami structure. The height at which the origami
structure was positioned allowed it to come into contact with
the nodule, and the measurements assisted us in observing
the distance the origami structure moved when necessary. The
actuator responsible for changing the shape of the origami
structure was an SG90 motor. A ligament running through
the origami capsule was connected to the actuator’s servo
arm via a PVC thin tube, operating on a principle similar
to a bicycle brake. The actuator controlled the shape of the
origami structure by tightening or loosening the ligament. In
the experiment, the actuator did not pull the capsule to move
it; it was solely used for changing the shape of the structure.

III. TACTILE SENSING AND SIGNAL PROCESSING

A. Data Collection

In the experiment, sensor readings from the origami struc-
ture were collected using an Arduino MEGA 2560 R3, with
each substructure connected in series to a 12 kΩ resistor
(which was similar to the resistance of the substructure it-
self). The Arduino recorded the voltage values across each
substructure at 10 Hz. Before each experiment began, the
origami structure was placed on the left side of the intestine,
with the structure in an unfolded state. Then, the phantom
intestine started to exhibit peristaltic movements. The direction
of peristalsis was from left to right, with a wave propagation
speed of 25 mm/s [22]. The recording ceased when the
peristalsis pushed the origami structure to the far right. At
this point, the actuator folded the origami structure. The
origami capsule was then compressed by peristalsis, causing
it to move backward to the far left side. Finally, the origami
structure unfolded again and was passively propelled forward
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Fig. 4. The data pre-processing process. (A) In the case of a healthy
intestine without a nodule: (A)(1) Original signal from a healthy intestine
without a nodule, (A)(2) RMS envelope (window size W = 84) result of
the signal, (A)(3) Matrix formed by merging the signals from four sensors.
(B) In the case of an intestine with a nodule: (B)(1) Original signal from an
intestine with a nodule, (B)(2) RMS envelope result showing that the sensors
sequentially detect a sharp increase in abnormal pressure, (B)(3) A matrix
where a distinctive pattern is visible, indicating the presence of a nodule.

to the right, collecting data until the capsule reached the far
right side. The experiment was conducted separately for the
following conditions: no nodule and a nodule with hardness
levels of 10A and 60A, and diameters ranging from 1 mm to
6 mm.

B. Data Pre-processing

We performed pre-processing on each set of collected data,
as shown in Fig.4. Each dataset contains signals from four
sensors, with the sensor sequence i following the order from
right to left as shown in Fig.2(A), with labels 1, 2, 3, and 4.
Fig.4(A)(1) displays data from a healthy intestine without a
nodule, showing the pressure signal resulting from intestinal
peristalsis. Fig.4(B)(1) shows data with a nodule, where the
nodule’s compression of the sensors causes signal changes.
We extract the characteristic signal of the nodule through the
following steps.

First, each sensor’s data is normalized to have a mean of 0
and a standard deviation of 1. The purpose of this step is
to eliminate the threshold differences in readings from the
flexible sensors, which can have individual variations and can
be challenging to calibrate, as follows:

v̂ =
v − µ

σ
, (1)

where v̂ is the normalized data, v is the original data of one
sensor, µ is the mean, and σ is the standard deviation of data.

Next, the Root Mean Square (RMS) envelope of v̂ is
calculated [23]. This step helps to remove intestinal peristaltic
wave signals and reveals potential pressure changes on the
sensors due to nodule compression. From Fig.4(B)(2), it can
be observed that the pressure signal from the nodule has been
extracted from the original signal containing peristaltic signals,
as follows:

ṽ(k) =

√√√√√ 1

W ′(k)

min(K,k+W
2 )∑

j=max(1,k−W
2 )

v̂(k)2, (2)

where ṽ represents the RMS envelope result of v̂, k ∈
{1, 2, . . . ,K} is the index of the current sample in the vector,
K is the total number of samples in the vector, W = 84 is
the window size, and W ′(k) is the actual window size used
for calculation, it dynamically changes based on the position
k, and is determined by the following piecewise function:

W ′(k) =


k + W

2 , if k < W
2 ,

W, if W
2 ≤ k ≤ K − W

2 ,

K − k + W
2 , if k > K − W

2 ,

(3)

for the middle portion of the signal (W2 ≤ k ≤ K − W
2 ),

the window size remains W . At the beginning boundary of
the signal (k < W

2 ), the window size increases from 1 to
W , reflecting the actual available data points. At the ending
boundary of the signal (k > K − W

2 ), the window size
decreases from W to 1, similarly reflecting the actual available
data points.

The origami structure passes continuously through the nod-
ule, and the sensors are discrete. Therefore, when the nodule
is between two sensors, both of these sensors will feel it at
varying levels. However, we can still treat the data from the
sensors as “continuous” for analysis purposes. Thus, the data
from the four sensors are merged into a single matrix for
analysis. The envelope data from the sensors are constructed
into a matrix as follows:

Ṽ =
[
ṽ1, ṽ2, . . . , ṽS

]T
, (4)

where Ṽ is the merged matrix, S = 4 is the total number of
sensors.

To highlight the abnormal pressure features, data below a
certain threshold are ignored. Here, the ReLU (rectified linear
unit) activation function is used, which involves subtracting a
threshold from each element in the data and setting elements
smaller than 0 to 0 [24], as follows:

VReLU(i, k) = max
(
Ṽ(i, k)− c, 0

)
, (5)
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Fig. 5. The templates include the template without nodules (T0) and the
templates for nodules of sizes 1 mm to 6 mm (T1 to T6).

where VReLU is the matrix after ReLU processing, c = 1.5 is
the subtracted threshold.

The total duration of data collection varies each time,
meaning that the total sample count K is different. For the
convenience of subsequent calculations, the VReLU matrix is
extended to a uniform length, as follows:

V =

VReLU(i, k), for 1 ≤ i ≤ S and 1 ≤ k ≤ K,

0, for 1 ≤ i ≤ S and K < k ≤ L,

(6)

where V is the extended matrix with dimensions of S × L,
L = 1000 is the number of columns in the extended matrix.

Fig.4(A)(3) and Fig.4(B)(3) respectively show the signal
matrices without a nodule and with a nodule. The “contour”
syntax in MATLAB was used here to plot the matrices.
Although the matrix has only S rows, the “contour” syntax
visually fills in the gaps between each row for ease of
observation, without altering the original matrix. We can easily
observe clear patterns in the data with nodules, but there are
no patterns in the data without nodules.

The above is the data pre-processing process. In a single
experiment, time-based voltage data v from four sensors are
normalized, RMS envelope is calculated, merged into a matrix,
undergoes ReLU processing, and extended to create the matrix
V for subsequent analysis.

C. Template Generation

Through experiments, it was discovered that nodules of
different sizes leave different patterns. It is hypothesized that
templates for nodules of different sizes can be generated using
particle filtering methods. The test data will be compared with
the templates to detect the presence of nodules and assess their
sizes. The template generation method is as follows: 1. Prepare
a matrix of specified nodule size; 2. Find the particle from a
randomly generated set of particles that is most similar to
the data; 3. Resample and update the particles to make them
more similar; 4. Average the particles generated from several

data sets with the same nodule size to form a template. The
methodology of particle filtering is based on the research of
Elfring et al [25].

Firstly, we pack several pre-processed experimental data sets
with nodules ranging from 1 mm to 6 mm into a set, used for
generating templates for each nodule size, as follows:

F =
{
Fζ | ζ = (b, q)

}
, (7)

where F is the collection of all experimental data used for
generating templates, Fζ is the pre-processed experimental
data matrix, b ∈ {1, 2, . . . , 6} is the size of the nodule,
q ∈ {1, 2, . . . , Q} is the index of the data sample for nodule
size b, Q = 20 is the total number of the data.

For all experimental data Fζ in F , we generate a particle
similar to that data. According to Equations (10) to (11)
described later, we can generate a set of initial particles and
pack these particles with their corresponding parameters into
one set, as follows:

Pζ =
{
(Pζ

φ,Θ
ζ
φ) | φ = (n,m)

}
, (8)

where Pζ is the set of particles, Pζ
φ is a particle, Θζ

φ is the set
of parameters for that particle, n ∈ {1, 2, . . . , N} is the index
of the particle, N = 2000 is the total number of particles,
m = 0 is the number of iterations for the particle (since it is
the initialization stage, the value is set to 0). Θζ

φ is constructed
as follows:

Θζ
φ = {Aζ

φ,s,µ
ζ
φ,s,Σ

ζ
φ,s | s = 1, 2, . . . , S}, (9)

in Equations (10) to (11), the meanings of all variables in the
parameter set are explained.

Observing from Fig.4(B)(3) that the pattern of the exper-
iment data with nodule roughly consists of four elliptical
shapes connected from the top left to the bottom right. This
is because the nodule sequentially presses on four sensors,
leaving four impressions. Therefore, we can generate a particle
using Gaussian surfaces arranged diagonally from the top left
to the bottom right to simulate the pattern of experimental
data, as follows:

Pζ
φ(i, j) = max

{
Gζ

φ,s(i, j) | s = 1, 2, . . . , S
}
, (10)

where i ∈ {1, 2, . . . , S}, j ∈ {1, 2, . . . , L}, Gζ
φ,s represents

the sth Gaussian surface, s is also the index of the sensors.
The equation for generating the Gaussian surfaces Gζ

φ,s is as
follows:

Gζ
φ,s(i, j) = Aζ

φ,sN
(
µζ

φ,s,Σ
ζ
φ,s

)
, (11)

where Aζ
φ,s ∈ (0, 1.5] is the amplitude, the maximum value

of 1.5 for the range is derived from the maximum value of
the collected data, N (·, ·) represents the multivariate Gaussian
distribution, µζ

φ,s is the mean vector, and Σζ
φ,s is the covari-

ance matrix. The structure of µζ
φ,s is as follows:

µζ
φ,s =

[
µver,ζ
φ,s µhor,ζ

φ,s

]T
, (12)

where µver,ζ
φ,s = s represents the mean along the vertical (i)

direction in the matrix, because each row (i) of the matrix is
composed of readings from sensor s as in Equation (4), µhor,ζ

φ,s

is the mean in the horizontal (j) direction, which is the time
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step at which the peak value appears for each sensor. The
expression for µhor,ζ

φ,s is as follows:

µhor,ζ
φ,s =

u, if s = 1,

µhor,ζ
φ,s−1 +∆µhor,ζ

φ,s , if s > 1,

(13)

where u = 150 represents the mean in the j direction for
the first Gaussian surface, ∆µhor,ζ

φ,s ∈ {100, 101, . . . , 250}
represents the increment in the mean in the j direction for the
next Gaussian surface. The gradual increase in µhor,ζ

φ,s is due to
the capsules moving forward to detect nodules, whereby the
nodules sequentially compress onto each sensor. The range of
∆µhor,ζ

φ,s is selected based on the characteristics of the collected
data. The structure of Σζ

φ,s is as follows:

Σζ
φ,s =

(σver,ζ
φ,s

)2
0

0
(
σhor,ζ
φ,s

)2
 , (14)

where σver,ζ
φ,s ∈ (0, 1] is the standard deviation in the i

direction, the maximum value of 1 is because when the
nodule is between two sensors, both sensors may detect a
signal, causing the Gaussian surface of a single sensor to
extend to the adjacent sensors (adjacent rows in the matrix).
σhor,ζ
φ,s ∈ {1, 2, . . . , 60} represents the standard deviation in the

j direction, which can be understood as the duration of time
steps during which each sensor detects the nodule signal. The
range of σhor,ζ

φ,s is selected based on the characteristics of the
collected data.

For the next step, We find a particle in the set Pζ that
is most similar to the experimental data Fζ . The criterion
for comparison is to search for the particle with the smallest
RMSE value when subtracted from the experimental data.

Since the occurrence timing of the nodule signal in the
experimental data is uncertain, to compare with particles, we
need to slide the matrix of particles or templates in the j
direction of the experimental data matrix. This allows us to
find the position where the difference between the two matrices
is minimal for comparison. The sliding starts with the last
column of Pζ

φ aligned with the first column of Fζ . Then, Pζ
φ

starts sliding to the right until the first column of Pζ
φ aligns

with the last column of Fζ , and the sliding ends. To maintain
a constant matrix size for the overlapping parts during sliding,
and to ensure that the overlapping part contains both complete
matrices Fζ and Pζ

φ for easy comparison of differences after
each slide, we extend both sides of Fζ by adding zero matrices
of size S × L, as follows:

F′ζ =
[
0S×L Fζ 0S×L

]
, (15)

where F′ζ is the extended version of Fζ . Then, we extend the
right side of Pζ

φ with a zero matrix of size S×2L, as follows:

P′ζ
φ =

[
Pζ

φ 0S×2L

]
, (16)

where P′ζ is the extended version of Pζ . Then, we multiply
P′ζ

φ by a right shift matrix, where all elements in P′ζ
φ are

shifted one position to the right, achieving the effect of
“sliding”. Each time the matrix slides one position, calculate

the Root Mean Square Error (RMSE) between F′ζ and P′ζ
φ.

The formula is as follows:

RMSEζ
φ(τ) =

∥∥∥F′ζ −P′ζ
φR

τ−1
∥∥∥
2√

S × 3L
, (17)

where RMSEζ
φ(τ) represents the RMSE value at time step τ ,

where τ ∈ {1, 2, . . . , 2L}, ∥·∥2 denotes the matrix 2-norm.
R is a non-cyclic right-shift matrix. Then, find the minimum
RMSE value from all time steps as the similarity value, as
follows:

RMSE∗ζ
φ = min

τ∈{1,2,...,2L}
RMSEζ

φ(τ), (18)

where RMSE∗ζ
φ is the minimum RMSE value obtained when

sliding the particle Pζ
φ over the experimental data Fζ . It

represents the similarity between the particle Pζ
φ and the

experimental data Fζ . A smaller RMSE value indicates a
higher similarity. Then, we identify the particle in the set that
is most similar to the experimental data, as follows:

n∗ζ = arg min
n∈{1,2,...,N}

RMSE∗ζ
φ , (19)

where n∗ζ is the index of the particle in the set Pζ that is most
similar to the experimental data. We retrieve the parameter set
corresponding to index n∗ζ , and iterate over this parameter set
to optimize the particle. Given φ = (n∗ζ ,m), the parameters
in Θζ

φ updates are as follows:

θζφ ∼ N
(
θζφ−1, (σite)

2
)
, m = 1, 2, . . . ,M, (20)

where θζφ ∈ {Aζ
φ,s, µ

ver,ζ
φ,s ,∆µhor,ζ

φ,s , σver,ζ
φ,s , σhor,ζ

φ,s | s =

1, 2, . . . , S; ∆µhor,ζ
φ,1 is excluded} is the expansion of the

paremeters in Θζ
φ, N (·, ·) represents the normal distribution,

φ−1 = (n∗ζ ,m − 1) represents the index of the previous
iteration set, m is the iteration number, M = 2000 is
the maximum number of iterations, σite is of the normal
distribution governing the iterative update. The value of σite
depends on the parameter being updated as follows:

σite =


0, for θζφ = µver,ζ

φ,s ,

0.1, for θζφ ∈ {Aζ
φ,s, σ

ver,ζ
φ,s },

1, for θζφ ∈ {∆µhor,ζ
φ,s , σhor,ζ

φ,s },

(21)

where, for the parameter µver,ζ
φ,s , σite = 0 because µver,ζ

φ,s is a
fixed value. When the parameter is a floating-point number,
σite = 0.1, and when the parameter is an integer, σite = 1.

After each iteration, Θζ
φ generates an updated particle Pζ

φ

using Equations (10) to (11). Then, Equations (16) to (18)
are used to calculate its RMSE∗ζ

φ . If the value of RMSE∗ζ
φ

decreases after iterating, Θζ
φ is updated; otherwise, it is not

updated, as follows:

Θζ
φ =

Θζ
φ, if RMSE∗ζ

φ < RMSE∗ζ
φ−1

,

Θζ
φ−1

, otherwise.
(22)
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We obtain the optimal particle parameter set after M iterations,
as follows:

Θ∗ζ = Θζ
φ, where φ = (n∗ζ ,M), (23)

where Θ∗ζ is the optimal parameters for Fζ , meaning that
a particle generated using Θ∗ζ is most similar to Fζ . Each
optimal parameter in the set is as follows:

Θ∗ζ =
{
A∗ζ

s ,µ∗ζ
s ,Σ∗ζ

s

}
, (24)

where A∗ζ
s , µ∗ζ

s , and Σ∗ζ
s represent the optimal Aζ

s , µζ
s ,

and Σζ
s respectively. Through the above process, for each

experimental data Fζ in the set F , we have generated a
corresponding optimal parameter set Θ∗ζ . Next, we will take
the average of each parameter in the parameter set for the
same nodule size b, to represent the characteristics of the data
for each nodule size, as follows:

Θ̄∗b =
{
⟨A∗ζ

s ⟩b, ⟨µ∗ζ
s ⟩b, ⟨Σ∗ζ

s ⟩b
}
, (25)

where Θ̄∗b represents the averaged parameter set for nodule
size b data, ⟨·⟩b represents the averaging process for a parame-
ter over all q = 1, 2, . . . , Q for a given nodule size b is defined
as:

⟨X⟩b = 1

Q

Q∑
q=1

X. (26)

By substituting the parameters from the Θ̄∗b set into equations
(10) and (11), we can obtain the template particle Tb for
nodule size b. For the case without nodules, as shown in
Fig.4(A)(3), since it has no pattern, we use a zero matrix as
the template for no nodule T0, as follows:

T0 =
[
0S×L

]
. (27)

Fig.5 displays all the templates (T0 to T6).

D. Nodule Detection Method

The method for nodule detection involves pre-processing
the data collected by sensors and comparing it with the
templates described above. Test data for the same hardness
was compared only with the template of that specific hardness.
The template that best matches the test data is identified as
the detection result. The method for comparing the similarity
between test data and templates remains the calculation of the
minimum RMSE value when the template slides over the test
data. This process is the same as the comparison between Fζ

and Pζ
φ mentioned earlier. The calculation of the minimum

RMSE value can be referenced from Equations (15) to (18).

IV. EXPERIMENTAL RESULTS

We collected 20 sets of data for cases without nodules and
nodules with hardness levels of 10A and 60A, and diameters
ranging from 1mm to 6mm for testing, respectively. Each
dataset includes results from two rounds of sampling, with
the second round’s result being the average of the nodule size
predictions from both rounds of sampling. The accuracy of
sensors under different nodule sizes, hardness, and their ability
to assess nodule sizes were evaluated.

Fig. 6. Precision and recall for nodule detection. For nodules of different
hardness, the accuracy and recall improve as the size of the nodules increases.
Additionally, performing two detections instead of one enhances both accu-
racy, particularly recall.

Fig. 7. Negative results. For nodules of different hardness, most false positive
results were predicted as 1 mm or smaller nodules. This indicates that the
sensor is unable to detect nodules that are 1 mm or smaller reliably.

A. Precision and Recall

In this study, precision is the probability that the detection
result of the sensor is a nodule and there actually is a nodule.
Recall is the probability that the sensor detects a nodule when
a nodule actually exists. The experimental results, as shown in
Fig.6, demonstrate that both precision and recall increase with
the size of the nodule across both hardness levels. Compared
to single detection, double detection improves both precision
and recall. For 2 mm, 10A nodules, the precision and recall
of the double detection reached 100% and 85%, respectively,
while for 60A nodules, they reached 94.7% and 90%. For
both hardness levels, the double detection precision and recall
for nodules larger than 2 mm reached 100%. For 1 mm
nodules, even with double detection, the accuracy and recall
remain relatively low. Additionally, as shown in Fig. 7, the
experimental results under all nodule-free conditions reveal
that data without nodules are often misidentified as 1 mm or
smaller nodules. This indicates that the sensor’s detection limit
is at 2 mm, with the best detection efficiency for nodules that
are 3 mm or larger.
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Fig. 8. Accuracy of nodule size estimation. This indicates that the sensor can
provide relatively accurate nodule size estimates within a range of ±1 mm.

B. The Accuracy of Nodule Size Estimation

Since the sensor can detect nodules of 2 mm and above,
we analyzed the accuracy of nodule size estimation for 2 mm
to 6 mm nodules. The results are shown in Fig.8. We found
that the hardness of the nodules had no obvious impact on
the estimation of their size. The experimental results indicate
that while the sensor struggles to provide precise estimates
of nodule sizes, it can provide an approximate range for the
nodules, with a tolerance of ±1 mm.

V. CONCLUSION

We proposed a novel 2D origami capsule designed using
flexible piezoresistive material to detect early-stage small
intestinal nodules. The capsule contained four tactile sensors
to measure tissue interaction forces while moving along the
intestine. Experiments were conducted using a straight 2D in-
testine phantom with peristalsis. A particle filter was designed
to estimate the size of nodules in the intestine phantom. The
capsule was designed to passively move forward or backward
in the intestine only by changing the shape of its origami
structure, allowing it to re-examine areas suspected of having
lesions in the intestine. The proposed method demonstrates
reliable detection for nodules of 2 mm and above, while also
assessing the size range of the nodules.
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