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Abstract

This paper presents a novel, cost-effective sensor platform based on Vision-based Deformation Perception
(VBDeformP) for community oral health education. The system integrates a 3D-printed thermoplastic
polyurethane soft structure with a rigid resin frame and an ArUco marker to encode interaction information,
including the contact region and six-dimensional force and torque. By transforming force estimation into a marker-
based pose tracking problem, the VBDeformP sensor achieves accurate and robust force/torque inference under
both quasi-static and dynamic conditions, utilizing machine learning models. An adaptive image binarization
algorithm extends reliable marker detection across a wide illumination range (10-5,000 Ix), ensuring consistent
performance of the vision system in realistic community teaching scenarios. Experimental validation involving 10
healthy participants per-forming standardized brushing tasks demonstrated that the sensor attains measurement
accuracies comparable to a commercial ATl Axia80-M20 sensor, with mean absolute errors of 0.55 N (2.19%
relative error) and 0.067 N-m (2.68% relative error) for quasi-static forces and torques, and 0.16 N (4.10% relative
error) and 0.023 N'm (5.75% relative error) under dynamic conditions. Moreover, the system’s real-time brushing
region classification algorithm achieved an overall accuracy of 98.12%, further underscoring its potential to provide
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immediate and personalized guidance on oral hygiene. Its low cost, rapid initialization, portability, and scalable
fabrication render it a promising solution for enhancing oral health education in community settings.

Keywords: Vision-based deformation perception, soft force/torque sensor, oral health education

INTRODUCTION

Oral diseases affect approximately 3.5 billion people worldwide throughout their lives", making them one
of the most pressing public health concerns. While clinical interventions can mitigate immediate symptoms,
they often prove insufficient and unsustainable as a long-term preventive strategy"”. Consequently, effective
oral hygiene practices, particularly proper toothbrushing techniques, are crucial in preserving oral health.
Research has shown widespread difficulties in appropriate brushing technique implementation - from
excessive force application to in-adequate coverage and insufficient duration*’. These persistent errors can
lead to gum recession, enamel degra-dation, and elevated plaque levels', underscoring the urgent need for
more effective oral hygiene education and prevention strategies.

In formal dental education, as summarized in Table 1, the methods and tools used to demonstrate proper
brush-ing techniques significantly influence oral care teaching outcomes"*'*. Previous research has shown

[17]

that brush-ing force is a key factor in optimizing cleaning efficacy"”, and that physical jaw models are
notably more effec-tive than video demonstrations for teaching brushing techniques. These insights
suggest that integrating force-measurement capabilities with physical models has excellent potential for

creating ideal educational simulators".

Although various oral care simulators incorporating advanced technologies have been proposed, ranging
from multi-sensor force-sensing systems""'? and high-precision force/torque (F/T) measurement
devices', to motion cap-ture"” and extended reality systems™, the complexity and cost of these solutions
hinder their adoption in com-munity oral health initiatives. Such programs are highly effective for
improving oral hygiene behaviors®*, yet they often rely on conventional jaw models and manual
demonstrations due to limited resources and technical ex-pertise®’. This mismatch between cutting-edge
simulator technology and practical field requirements underscores the need to develop accessible, low-cost
simulation tools tailored to community-based dental education.

In response to these challenges, researchers have investigated various sensing technologies, especially soft
force sen-sors widely used in medical environments®*’ and various wearable devices”*. Traditional
methods measure resistance or capacitance””’, and newer innovations leverage hydrogels*”, liquid

33]

metals®™, or optical fibers"***. However, these advanced materials often necessitate intricate fabrication

[36,37]

processes, stringent calibration steps, and elaborate wiring systems"**”, posing additional barriers in low-

resource settings.

Vision-based Deformation Perception (VBDeformP), a method that analyzes visual deformation patterns to
inter-pret physical interactions”, has emerged as a promising sensing approach. VBDeformP has recently
emerged as a compelling alternative, offering superior mechanical flexibility, resistance to electromagnetic
interference, and simplified system architecture™. Its successful integration has been demonstrated in
diverse surgical applications, from triaxial force sensing in ureteroscopy”’ and microneedle force sensing in
microsurgery*! to prostate cancer detection””. Particularly promising are VBDeformP solutions employing
ArUco markers™! for force prediction. Such systems boast low-cost components, reduced fabrication
complexity, and minimal circuit requirements, mak-ing them highly suitable for resource-limited
environments*. Recent innovations include a soft finger for six-degrees-of-freedom force and moment
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Table 1. Comparison of oral care teaching devices

Category Device Sensing methods Capabilities Complexity  Costlevel
Wearable/ Leeetal” Accelerometer + magnetic sensor Region only Medium Low
Q?)CI)LE)tIilsns Marcon et al.”®’ Camera-based Region only Low Medium
mTeeth® Wrist-worn inertial sensors Region only Low Medium
ToothFairym] Audio sensing Region only Low Low
Oral care simulators Herath et al.”™ Multiple strain gauge Region + force High Medium
Daigo et alt? Multiple pressure Region + force High High
Matsuno et al.™ 6-axis F/T Region + force Low High
Mouri et al.m 6-axis F/T + motion capture Region + force High High
This work Soft F/T sensor Region + force Low Low

Bold: This work. F/T: Force/torque.

measurement'*), endoscopic tracking in robotic surgery™, and gripping force analysis in robotic hands"”.
These successes underline the versatility and cost-effectiveness of VBDeformP, positioning it as a viable
approach for bridging the gap between sophisticated sensing technology and the practical needs of
community-based dental education.

This study proposes a novel soft F/T sensor that incorporates an ArUco marker into a 3D-printed
thermoplastic polyurethane (TPU) structure, capitalizing on the inherent flexibility of TPU and the
streamlined architecture offered by VBDeformP. The proposed sensor addresses common barriers to
adoption in community oral health programs by employing low-cost manufacturing processes and simple
circuit design. The system accurately predicts forces and torques through machine learning under quasi-
static and dynamic conditions. Validation experiments with healthy participants performing standard
brushing tasks confirm the sensor’s measurement precision across diverse environmental parameters. This
work represents a notable breakthrough in practical oral health education tools. It provides a cost-effective,
versatile, and dependable platform that enhances brushing technique instruction in diverse real-world
environments. The primary contributions of this article are as follows:

« Developed a soft F/T sensor based on VBDeformP, featuring a 3D-printed TPU structure that ensures
physical flexibility and simplifies fabrication. The new design provides an innovative F/T and brushing-
region sensing solution in dental education.

+ Achieved measurement accuracy comparable to an expensive industrial-grade F/T sensor (ATI Axia8o-
M?20), maintaining robustness in both quasi-static and dynamic scenarios. An optimized combination of a
simple circuit design and machine learning algorithms enables this performance.

 Demonstrated a cost-effective oral health education platform that effectively bridges the gap between state-
of-the-art sensing technology and the practical needs of community-based health education programs. The
system’s minimal technical complexity and accessible implementation underscore its potential for
widespread adoption in dental education.

EXPERIMENTAL

Sensor design and fabrication

The proposed VBDeformP for soft F/T perception integrates a visual tracking mechanism with a
deformable struc-ture, comprising four key components, including (1) A deformable soft structure that
transmits forces; (2) An ArUco marker base with a 16 mm x 16 mm, 4 x 4 ArUco marker (ID: 0) attached to
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its underside as the primary visual reference; (3) A camera holder containing a compact monocular RGB
camera (S-YUE WXe605, Weixinshijie); and (4) A base mount in Figure 1A.

The camera is equipped with a wide-angle lens (135° field of view) and captures video at 60 frames/s with a
resolution of 1,280 x 720 pixels. The system analyzes this video stream in real-time to accurately track the
ArUco marker’s pose, effectively serving as a miniature motion capture unit within the VBDeformP
framework.

To balance accurate F/T measurement with design simplicity, we employed a wave-shaped deformable
structure inspired by the wave spring washer concept*. The structure’s centerline is determined by:

x(t) = Rg cos(t)
y(t) = Rosin(z) , (D
z(t) = £Aq sin(nt)

where R, is the overall radius, A, defines wave amplitude, and n controls the number of sinusoidal waves
around the circumference. An additional parameter, m, specifies the number of layer pairs, resulting in a
total of 2m layers in the final structure. Adjacent layers alternate the sign in z(f), producing an interlocking
multi-layer configuration.

For oral care applications, R, = 33 mm was selected to fit typical jaw model dimensions. Following finite
element method (FEM) simulations and tests of multiple 3D-printed prototypes, we chose A, =3 mm, n = 4,
and m = 3 for the wave structure. Additionally, we invited 10 participants to evaluate prototypes with
varying design parameters to determine the optimal structural parameters for comfortable use. Based on
participant feedback, we determined 4 = 1.5 mm and w = 4 mm, where h represents the thickness of the
wave structure perpendicular to the wave plane, and w denotes the width of the wave beam along its cross-
section. These values were selected as the minimum at which all participants reported that the device’s slight
movement did not interfere with their regular brushing. This selection aimed to optimize the balance
between measurement sensitivity and user comfort.

Figure 1B depicts FEM results from Fusion 360, highlighting characteristic deformation under six load
conditions: lateral forces (F, and F)), axial force (F,), bending moments (T, and T,), and torsional moment
(T.). Experimental tests in oral care scenarios in Figure 1C confirm that the observed deformation patterns
align with simulation outcomes.

The soft structure was 3D-printed using TPU (Future TPU, Wenext) for its flexibility. Rigid components
(marker base, camera holder, and sensor base) were 3D-printed using high-precision resin (R4600,
Wenext), with threaded inserts embedded for secure mounting. The ArUco marker base and camera holder
feature flanges that accommodate these inserts, ensuring a firm assembly. The sensor base attaches to the
camera holder via threaded connectors, providing mounting interfaces to external fixtures. The soft
structure connects to the camera holder and marker base using adhesive bonding (K-8818, Kafuter), which
facilitates reliable force transfer throughout the system.

All printings were carried out at Wenext’s manufacturing facility. Total printing expenses amounted to
approximately $29, covering $7 for the TPU soft structure, $5.5 for rigid resin parts, and $16.5 for threaded
insert integration. The cost of embedding threaded inserts can be substantially reduced through batch
production, making the approach scalable and cost-effective.
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Figure 1. Design and analysis of the vision-based soft F/T sensor. (A) Exploded view of sensor components; (B) FEM simulation results
reveal deformation patterns under six loading conditions: lateral forces (F, and Fy), vertical force (F,), bending moments (T, and Ty), and
torsional moment (T,); (C) Experimental validation of soft structure deformation under corresponding forces and torques in oral care
applications. F/T: Force/torque; FEM: finite element method.

VBDeformP for force and torque inference

After establishing the fabrication methodology and cost structure of the VBDeformP sensor, we now
describe its implementation for force and torque measurements. An overview of the system workflow is
shown in Figure 2, illustrating both the hardware setup and the data processing pipeline. The VBDeformP
soft sensor, equipped with an internal camera, is affixed onto a high-performance F/T sensor (ATI Axiago-
M20) that provides ground-truth force and torque measurements in Figure 2A. The ATI sensor offers a
resolution of 1/10 N for F,/F /F, and 1/200 N-m for T,/T,/T.. Simultaneously, the VBDeformP camera
captures 1,280 x 720 images at 60 Hz in Figure 2B, while reference force and torque data are logged in
Figure 2C. We use a multi-layer neural network to infer six-dimensional force and torque [F,, F, F,, T, T,,
T.] from the detected marker pose [X, Y, Z, roll, pitch, yaw] in Figure 2D.

Community dental education occurs in diverse lighting environments - from well-lit indoor spaces to
challenging outdoor settings with either excessive sunlight or dim evening illumination. In these varied
conditions, reliable marker detection becomes essential for consistent system performance. While deep
learning approaches have demonstrated robust marker detection™, their high computational cost,
exceeding 25 ms per frame on an NVIDIA RTX 3090 GPU, renders them unsuitable for broad adoption in
community settings. Consequently, we employ a traditional detection pipeline with efficient binarization
and pose estimation. Following'*’, we first convert captured RGB frames to grayscale using the standard
luminosity formula:

Gray = 0.2989R + 0.5870G + 0.1140B, 2)

where Gray represents the grayscale value, and R, G, and B are the red, green, and blue channel values,
respectively. We reduce noise by applying a 5 x 5 Gaussian blur (¢ = 1.0).
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Figure 2. Overview of force and torque inference workflow. (A) The soft sensor is mounted on the ATI F/T sensor; (B) Real-time image
capture from the integrated camera; (C) Reference force and torque measurements from the ATI F/T sensor; (D) Data-driven model
architecture for force and torque inference. F/T: Force/torque.

We tested several binarization methods under diverse lighting conditions. For this purpose, we constructed
a test platform. The sensor was mounted at the center of an optical board in a darkened room. Two
photography fill lights were positioned on both sides of the platform, and the illumination conditions at the
sensor location were controlled by adjusting the room’s ceiling and fill lights. In particular, uniform and
non-uniform lighting environments could be simulated by changing the intensity of the fill lights. A
KOMEZ K-8123 illuminance meter was used to measure the light intensity at the sensor location in Ix. This
meter features a range of 200,000 Ix, a resolution of 0.1 Ix, and an accuracy of 2%. Measurements were taken
at four points around the sensor, with each point measured three times and averaged. The final illuminance
value was determined by averaging these four points. Considering practical variations in light adjustment,
the target illuminance was achieved when the measured intensity deviated less than 10 Ix from the target
value.

Using this experimental setup, we evaluated several standard binarization methods. Although k-means
clustering can adapt to varying illumination, it requires over 100 ms per frame, which is too slow for our
60 Hz target. The method used by Otsu™, premised on bimodal intensity histograms, is prone to failure in
low light (< 300 Ix). Similar limitations occur with general bimodal thresholding in bright settings (> 800 Lx),
where reflections distort intensity peaks.

To broaden the illumination range for reliable marker detection, we developed a ratio-based thresholding
that capitalizes on the fact that the marker’s black squares consistently have the lowest grayscale values in
each image. Denote I (x, y) as the grayscale image of size M x N, and let H (g) be the histogram of gray levels

(g € [0, 255]):

M-1N-1

H(®) = Y > 6(l(x,y)-g), 3)
x=0 y=0
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where the Kronecker delta s (z) enforces exact matching:

6(Z)={1, ifz=0 @

0, otherwise

Given a target black-pixel ratio r, (set to 0.50 empirically), the desired count of black pixels becomes:

Ptargct:MXerb- (5)

The final target pixel count P
ensure an integer quantity.

is obtained by discarding the fractional part of the calculated value to

target

We then determine the threshold T by accumulating histogram counts until:

T
D H(2) = Prarger. ©)
g=0

The binary image B (x, y) is formed by:

fo, Iy <T
B(x.y) = {255, i 106, y) > T ™

By focusing on the darkest areas of the image, where the ArUco marker is reliably visible, this ratio-based
thresholding extends the usable lighting range without imposing a substantial computational cost. We
validated its performance by gathering 2,000 frames under illuminations from 10 to 5,000 Ix. A = 99%
detection rate was defined as sufficient for robust marker recognition. As illustrated in Figure 3, our method
sustains reliable detection across 10-5,000 Ix, whereas standard grayscale and raw image processing achieve
stable detection only in narrower ranges (100-2,000 and 100-1,000 lx, respectively). Collectively, these
techniques form the foundation of our VBDeformP platform. The system integrates deformable structural
design, cost-effective fabrication, and robust image binarization to deliver real-time force and torque
sensing that remains resilient to environmental changes.

We quantitatively evaluated the detection reliability by analyzing the precision of pose parameters. For both
translational [X, Y, Z] and rotational [roll, pitch, yaw] components, we calculated the range (maximum
minus minimum value) across all 2,000 frames. Tables 2 and 3 present these variation ranges,
demonstrating significantly reduced fluctuations using our method across all tested illumination conditions.
Notably, under challenging lighting conditions (10 and 5,000 Ix), where conventional methods fail to detect
markers, our binarization approach shows stable detection with position fluctuations below 0.6 mm and
angular variations under 1.5 degrees, suggesting potential improvements in the measurement precision of
the F/T sensing system.

RESULTS AND DISCUSSION

Brushing regions classification performance

The Bass brushing method segments tooth surfaces into 16 distinct areas for instructional purposes'”. This
study focused on the lower jaw surfaces and divided them into 8 regions, as shown in Figure 4A. Ten
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Figure 3. Marker detection performance under different illumination conditions (10-5,000 Ix). Comparison of original captured images,
grayscaled images, and our binarized method. Green boxes indicate successful marker detection (detection rate = 99% across 2,000
frames).

healthy, right-handed adults (six men and four women) with no professional dental or caregiving
background were recruited. None of the participants had prior familiarity with the Bass technique.

Two experiments were designed to evaluate the classification of the brushing region. In Experiment I in
Figure 4B, each participant used a Philips HX9911 electric toothbrush (set to “clean 2”) to brush each of the
eight areas on a lower jaw model (Oral Standard Model, Meikang Medical Model). The model was directly
mounted onto an ATI Axiago-M20 F/T sensor via a gray connector plate. This setup provided six-
dimensional ground-truth force and torque data [F,, F,, F,, T,, T,, T,]. Each brushing session is initiated and
terminated by audio cues, lasting about 20 s (20,000 frames at the F/T sensor’s native 1,000 Hz sampling
rate), with a 5-second pause between regions to reset the sensor and minimize zero drift. The F/T data
collected in this experiment served as our baseline for classification performance and as a ground truth
reference.

In Experiment II in Figure 4C, the same brushing protocol was replicated. Still, our VBDeformP soft sensor
was integrated between the jaw model and a black connector plate, with the entire assembly still mounted
on the ATI Axia80-M20 F/T sensor. An ArUco marker attached to the jaw model was tracked in real-time
by a built-in camera, recording six-dimensional pose data [X,Y, Z, roll, pitch, yaw]. For system
initialization, the mean pose values [X,, Y,, Z,, roll,, pitch,, yaw,] were computed from 100 unloaded frames
and used as the reference, with subsequent measurements expressed as relative changes. Both F/T and pose
data were collected simultaneously for distinct purposes. Participants completed three trials in both
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Table 2. Position fluctuation ranges under various illuminances

llluminance (Ix) X/mm Y/mm Z/mm

Gray Binary Origin Gray Binary Origin Gray Binary Origin
10 / 0.0514 / / 0.0482 / / 0.5548 /
100 0.0147 0.0079 0.0213 0.0191 0.0107 0.0206 0.1040 0.0206 0.0607
500 0.0072 0.0074 0.0070 0.0070 0.0069 0.0118 0.0142 0.0140 0.0383
1,000 0.1400 0.0163 0.0845 0.1450 0.0170 0.0114 31594 0.0232 31932
2,000 0.4551 0.0038 / 0.2621 0.0048 / 41110 0.0155 /
5,000 / 0.0353 / / 0.0119 / / 0.1707 /

Bold: best performance (smallest fluctuation); “/": tracking failure.

Table 3. Angle fluctuation ranges under various illuminances

llluminance (Ix) .roII/ deg — '?"td'/ deg _ :VaW/dEE _
Gray Binary Origin Gray Binary Origin Gray Binary Origin
10 / 1.450 / / 1.470 / / 0.217 /
100 0.566 0.407 0.642 0.571 0.270 0.739 0.078 0.046 0.094
500 0.152 0.135 0.238 0.245 0.246 0.267 0.027 0.023 0.034
1,000 3.633 0.405 0.928 2.201 0.602 1.085 0.384 0.055 0.059
2,000 9.861 0.147 / 10.614 0.123 / 2.514 0.019 /
5,000 / 0.487 / / 0.694 / / 0.057 /

Bold: best performance (smallest fluctuation); “/": tracking failure.

experiments, but only the latter two were analyzed. A minimum one-week gap separated the two
experiments to mitigate learning effects. Before each session, participants only watched a standardized Bass
technique video; they received no further instruction or hands-on training.

It is worth noting that in Experiment II, we simultaneously collected both F/T sensor data and ArUco
marker pose data, each serving complementary roles in our research. The F/T sensor measurements
primarily provided ground truth references for training our machine learning model and offered valuable
benchmarks for error assessment during validation. Meanwhile, for the brushing region classification
analysis, we utilized the pose data captured from the ArUco marker, which was subsequently processed
through our MLP model to estimate forces and identify brushing regions. This methodological approach
suggests that our VBDeformP system has the potential to function as a standalone solution in practical
applications without requiring the presence of an F/T sensor.

Data preprocessing

In Experiment I, raw F/T data were smoothed via a 9-frame sliding window (to remove high-frequency
noise while preserving brushing dynamics) and downsampled to 100 Hz (sufficient for capturing human
brushing movements); a 0.5 N force threshold removed data likely representing no brush contact. In
Experiment II, the same smoothing was applied, and the F/T data were aligned with the 6D pose data using
a 0.05 s synchronization tolerance. Frames with ArUco marker displacements under 2 mm were considered
non-contact and excluded.

Classification models
We trained two classifiers to identify which of the eight regions was being brushed:
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Figure 4. Brushing regions classification performance. (A) Teeth surface categorization of the Bass brushing technique (lower jaw); (B)
Experiment setup I: baseline configuration with the dental model directly mounted on the ATl Axia80-M20 F/T sensor (blue box); (C)
Experiment setup Il: enhanced configuration with VBDeformP soft sensor (yellow box) integrated between the jaw model and the F/T
sensor; (D) Confusion matrix showing classification results from the ATI Axia80-M20 setup; (E) Confusion matrix showing
classification results from the VBDeformP sensor setup; (F) Comparative F1 scores obtained through leave-one-participant-out cross-
validation demonstrated similar performance in recognizing brushing regions between the two sensing approaches. F/T: Force/torque;
VBDeformP: Vision-based Deformation Perception.
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8¢2 1 [ XY, Z, roll, pitch, yaw] — {1,...,8}. ©)

Each model used a neural network with three hidden layers (512, 128, 32 neurons), employing ReLU
activation and dropout (p = 0.1) after each layer. We adopted the Adam optimizer (learning rate 0.001,
batch size 32) with a cross-entropy loss function:

1
N

M=
Moo

Lcg=- Vi 10g(ge(Xi)e), (10)

12

Il
—
Il
—

c

where N is the number of samples, y, is the ground-truth one-hot label, and g4(x,), is the predicted
probability of class c. Experiment I used 6D force and torque data as input, while Experiment II used 6D
pose data. The output identified which of the eight dental regions (1-8) was being brushed.

Results

Figure 4D and E compares the classification performance for both the commercial ATT Axiag0-M20 sensor
and the VBDeformP sensor using an 80/20 train-test split of data from all 10 participants. Both sensors
achieved high accuracy, with the VBDeformP sensor slightly outperforming (98.12%) the ATI sensor
(97.35%). Diagonal confusion matrix entries exceeded 95%, highlighting a robust classification.

For the ATI Axia80-M20 sensor, individual region accuracies ranged from 92.8% to 100% in Figure 4D, with
perfect recognition in Regions 4 and 5. The main confusion involved Regions 1 and 8 (4.8%
misclassification). In contrast, the VBDeformP sensor reduced the misclassification rate between these two
regions to 1.5% in Figure 4E, achieving flawless classification in Regions 4 and 5. A leave-one-participant-
out cross-validation analysis in Figure 4F confirmed consistent sensor performance across different users:
both sensors achieved identical mean F1-scores of 0.96. The ATI sensor scores were calculated from direct
force and torque measurements, while the VBDeformP scores were derived from ArUco marker pose data.

F/T perception in quasi-static and dynamic scenarios
We assessed the ability of our VBDeformP sensor to infer forces and torques under both quasi-static and
dynamic conditions.

Quasi-static experiments

For the quasi-static test, a push rod applied controlled loads at different angles and depths. The ATI Axiasgo-
M20 F/T sensor was sampled at 1,000 Hz while the internal camera operated at 60 Hz. An asynchronous
forward-matching algorithm applied a 50 ms tolerance window to align the data, yielding about 5,000
matched pose-force pairs per round. The maximum applied forces reached 25 N, with torques up to
2.5 N-m. We split the dataset into 8 training and 2 validation sets.

Dynamic experiments

For real-world dental brushing, we used data from Experiment II in Section “Brushing regions classification
performance” to train a neural network under typical brushing motions. An MLP with three hidden layers
(1,024, 128, 32 neurons), ReLU activation, and dropout was implemented in PyTorch. Inputs were Z-score-
normalized pose data; outputs were the corresponding 6D force and torque values:

N
1 2
Lvsk = N; IF; — fo(P)]*, (11)
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where F, is the ground-truth F/T measurement, f4(P,) is the predicted F/T, and N is the sample size. Training
proceeded via Adam (learning rate 0.001, batch size 32). The final model iteration with the lowest validation
MSE was saved for testing. All predictions ran on a laptop with an NVIDIA RTX 3050 GPU, achieving an
average processing time of 1.27 ms per inference.

Figure 5A and B illustrates the predicted and ground-truth six-dimensional F/T data, showcasing close
agreement under both quasi-static and brushing conditions. The VBDeformP sensor naturally filters high-
frequency noise in Figure 5C while preserving significant low-frequency force trends characteristic of
brushing motions in Figure 5D,

Quantitative error analysis

We evaluated performance using mean absolute error (MAE) and relative error. For quasi-static tests, the
reference loads were 25 N and 2.5 N-m, while a reduced range of 4 N and 0.4 N-m was used for dynamic
brushing (reflecting typical oral care loads).

Under quasi-static forces in Figure 5E, F,, F,and F, attained MAEs of 0.30, 0.28, and 0.38 N, respectively,
with a total force MAE of 0.55 N. The relative errors were 1.20%, 1.12%, and 1.50%, respectively, and 2.19%
for total force. In dynamic brushing in Figure 5F, the force range was 4 N, so absolute errors dropped with
MAE values of 0.15, 0.16, and 0.10 N for individual components and a total force MAE of 0.16 N. However,
relative errors increased to 3.73%, 4.05%, and 2.50%, respectively, with a total force relative error of 4.10%.
See Supplementary Movie 1 for a video demonstration.

For quasi-static torques in Figure 5G, T,, T,, and T, had MAEs of 0.043, 0.046, and 0.034 N-m, respectively,
with a total torque MAE of 0.067 N-m. Relative errors (2.5 N-m range) remained below 2% for individual
components and 2.68% overall. Under dynamic conditions in Figure 5H, MAEs decreased further (0.009-
0.023 N-m), but relative errors increased (2.25%-5.75%) because of the smaller (0.4 N-m) torque range
typical of brushing.

Correlation analyses confirmed the sensor’s effectiveness. In quasi-static tests in Figure 5I, all force
components achieved R* > 0.95. Torque components were equally strong with R* values of 0.95, 0.96, and
0.82 for T, T,, and T, respectively. Dynamic brushing in Figure 5] also showed high R* values (> 0.92) for
the three force axes and T, and T,. The negative R® for T, results from minimal torque in this axis during
regular brushing during typical oral care procedures, leading to predominantly noise signals in the ATI
sensor measurements.

Further analysis revealed that three participants performed strong lateral brushing motions, which can be
potentially harmful to the gums and enamel, as shown in Figure 6A. To capture additional torque data
along T, these participants repeated their brushing motions without powering the electric toothbrush,
generating roughly 15,000 new pose-F/T data points. We retrained the MLP on 60% of this data, with 20%
used for validation. For a previously unseen participant (the remaining 20%), torque predictions along T,
achieved an MAE of 0.034 N-m with R* = 0.78, indicating improved tracking of this specific lateral
movement in Figure 6B.

These quantitative results demonstrate the VBDeformP sensor’s capabilities and validate our soft material
and design choices, which were optimized explicitly for oral healthcare applications. The use of 3D-printed
TPU as the primary material exemplifies the advantages of soft perception technology in healthcare settings.
The sensor’s relatively linear stress-strain response under typical oral care loads""! contributes to the high R
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Figure 5. F/T inference results. (A) F/T inference comparison under quasi-static random load application, showing predicted versus
ground truth values across six F/T components; (B) Time-series F/T signal analysis during brushing operations; (C) Demonstration of
high-frequency noise attenuation by the sensor; (D) Validation of accurate lower-frequency force variation tracking; (E) Quasi-static
force performance assessment showing MAE (bar plots, left y-axis) and relative error (line plots, right y-axis); (F) Dynamic force
performance assessment; (G) Quasi-static torque performance assessment; (H) Dynamic torque performance assessment; (1) Scatter
plot validation for quasi-static conditions, demonstrating strong linear correlation (R> > 0.95 for forces); (J) Scatter plot analysis in
brushing scenarios shows similarly high R? values across most axes, except for T, due to the minimal real-world torque in this axis. F/T:
Force/torque; MAE: mean absolute error.

values observed in force measurements, while TPU’s intrinsic superelasticity and viscoelasticity'”*¥ serve
dual purposes: preserving low-frequency force profiles essential to brushing motions and attenuating high-
frequency vibrations from electric toothbrushes. This inherent mechanical filtering characteristic eliminates

the need for electronic filtering systems, demonstrating how soft materials can simplify medical sensing
solutions.

A key element of this VBDeformP platform is the ArUco marker system, which efficiently encodes
structural deformations into six degrees of freedom pose changes. This approach transforms force and
torque estimation into a computationally lightweight pose-tracking problem, enabling rapid processing™
while reducing system complexity. Although researchers have explored various visual markers for
deformation sensing, such as dot arrays***", color blocks”**, and LED-illuminated elastomers*>**, these
alternatives typically demand intensive computational resources or more complex setups. This
computation-efficient approach, utilizing ArUco markers, is coupled with manufacturability enabled by
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Figure 6. Demonstration of lateral brushing pattern and model prediction performance. (A) Harmful lateral brushing pattern observed
during oral care; (B) Model performance on T, torque for a participant excluded from training.

parametric design (Rhino 7 with Grasshopper) and additive manufacturing, providing a practical solution
for real-world applications. The combined use of TPU for deformable elements and resin for rigid
components optimizes both cost and scalability, establishing a generalizable framework for developing
various soft deformation sensors with minimal architectural modifications.

We developed a web-based interface to enhance system usability in real-world applications. The interface
provides real-time visualization of classification results and F/T measurements, featuring a majority-voting
filter that updates brushing regions only when at least two of the three most recent predictions agree,
effectively reducing classification noise while maintaining responsiveness [Supplementary Movie 2]. The
system demonstrates significant practical advantages over conventional sensors: while the ATI model
requires a 30-minute warm-up period, this system initializes within 2 s by capturing 100 unloaded reference
frames. The waterproof design ensures reliable operation despite exposure to toothpaste and water, while its
lightweight construction (280 g including the jaw model, excluding counterweights) and standard USB
connectivity facilitate easy deployment. Furthermore, our system offers substantial cost benefits. Both the
soft structure and 3D-printed components are inexpensive and easily replaceable, eliminating the
maintenance concerns associated with traditional force sensors when exposed to high-frequency oscillations
from electric toothbrushes. This disposable approach maintains consistent performance while avoiding the
degradation issues of conventional sensors. These features collectively enable the delivery of effective
feedback in educational settings.
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Despite these practical advantages, our error analysis identified several areas for improvement. Error
analysis reveals a primary technical challenge in torque estimation around the z-axis (T,, R* = 0.82 in quasi-
static tests). An attempted solution using an alternative “L”-shaped configuration with three smaller ArUco
markers yielded mixed results: while improving T, predictions (R* from 0.82 to 0.90), this configuration
compromised performance along other axes due to reduced marker size and less reliable localization.
Additionally, our current experimental setup, where the soft sensor is placed on the F/T sensor for
simultaneous measurement, follows a widely-adopted approach in quasi-static force validation”*>*".
However, under high-frequency impact loads, particularly those generated by electric toothbrushes, the
force attenuation through the soft sensor layer may affect measurement accuracy. The reliability and
accuracy of this conventional setup under such dynamic loading conditions warrant further investigation.
Moreover, the limited demographic representation in the current user dataset constrains system
generalizability, as participants were restricted to healthy, right-handed adults.

Future work will address these challenges through technical optimization and expanded clinical validation.
To address the T, measurement limitations, technical improvements will focus on sophisticated ArUco
marker arrays and enhanced machine-learning models to achieve robust T, measurements without
compromising the performance of other axes. Furthermore, to better understand and characterize the force
transmission characteristics of our system, we will investigate the force attenuation effects through
systematic experimental validation. To achieve this goal, this will involve the development of automated
testing platforms to precisely quantify force transmission under controlled conditions, particularly for high-
frequency impact loads generated by electric toothbrushes. To overcome the current demographic
limitations, comprehensive clinical validation will involve large-scale user studies across diverse
demographics, age ranges, oral health profiles, and brushing techniques. Specifically, we will include
children, elderly individuals, left-handed individuals, and those with various oral health conditions to
validate system robustness across different user groups and accelerate the adoption of VBDeformP in
community-based oral health education.

Oral care teaching evaluation

To assess the effectiveness of our oral care teaching system, we conducted a user study with 10 participants
who had previously participated in our data collection phase. The experiment followed a pre-test/post-test
design with three distinct phases:

« Phase 1 (Pre-test): Participants performed simulated oral care procedures on a jaw model equipped with
an ATI Axia80-M20 F/T sensor for brushing force measurement [Figure 4B]. Each participant completed
three trials, systematically brushing all eight oral regions following the standardized Bass method sequence.

« Phase 2 (Intervention): Participants engaged with our oral care teaching system for 5 min, utilizing only
the soft sensor (without the ATI sensor). During this phase, they received real-time feedback on brushing
force and region via the interactive interface.

« Phase 3 (Post-test): Participants repeated the identical brushing protocol from Phase 1, completing three
trials on the instrumented jaw model while force measurements were recorded using the ATI sensor.

Force measurements were acquired and analyzed from the ATI sensor for each of the eight oral regions
during both Phase 1 (pre-test) and Phase 3 (post-test).
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As shown in Figure 7A, the analysis revealed significant differences in brushing forces across regions before
using our system. Region 4 exhibited the highest average force (3.004 + 1.786 N), while Region 2 showed the
lowest (1.926 + 0.636 N). Overall, the pre-intervention average force was 2.425 + 1.240 N, substantially
exceeding the recommended brushing force range (1.5-2.0 N).

After using the teaching system, participants demonstrated significant improvements in force control. The
force variation across regions decreased, with Region 8 showing the highest average force (1.956 + 1.573 N)
and Region 7 the lowest (1.544 + 0.840 N). The overall average force decreased to 1.771 + 1.158 N,
representing a 26.97% reduction and bringing the average within the recommended range.

Figure 7B provides additional insight through box plots of the force distribution. Before using the system,
forces were symmetrically distributed with a mean and median of 2.425 N. The interquartile range (IQR =
Q3 - Q1 = 1.668 N) was relatively large, indicating considerable variability in force. The first quartile (Q1 =
1.501 N) barely reached the lower limit of the recommended range, while the third quartile (Q3 = 3.169 N)
significantly exceeded the upper limit (2.0 N).

After the intervention, the force distribution shifted significantly toward the recommended range. The
median decreased to 1.569 N, close to the lower limit of the recommended range, and the IQR narrowed to
1.149 N, indicating reduced variability. The right-skewed distribution (median 1.569 N < mean 1.771 N)
suggests most participants maintained lower forces, with fewer instances of excessive force application. The
third quartile decreased substantially from 3.169 to 2.137 N, further confirming the reduction in excessive
brushing forces.

These results demonstrate that our oral care teaching system effectively helps users adjust and control their
brushing forces to approach the recommended range, promoting better oral hygiene practices while
reducing the risk of gingival trauma from excessive force.

The effectiveness of our system is supported by its optimized design parameters. Through extensive FEM
simulations and user tests with 10 participants, we determined structural parameters that optimize
measurement sensitivity while maintaining natural brushing experience. In our experiments with the
optimized design, when participants applied a typical brushing force of approximately 2 N, the maximum
displacement of the ArUco marker was around 3 mm. This controlled deformation achieved our design
objectives, with all participants confirming that the slight movement of the jaw model during brushing did
not interfere with their regular brushing technique. While these results demonstrate the practical viability of
our design, broader validation studies across diverse user groups will be valuable for further parameter
refinement.

CONCLUSIONS

This work presents a VBDeformP soft F/T sensor to promote effective oral hygiene education in
community settings. The integrated 3D-printed TPU structure, resin frame, and ArUco marker, combined
with a robust machine-learning framework, enable accurate six-dimensional force and torque inference
under both quasi-static and dynamic scenarios. The implemented adaptive image binarization method
ensures reliable marker tracking over various lighting conditions, bolstering the vision system’s versatility.
The platform’s key advantages include rapid initialization, portability, real-time feedback, and inherent
mechanical filtering of high-frequency vibrations from the toothbrush. Experimental results highlight its
feasibility as a low-cost, scalable solution for delivering immediate, personalized guidance in proper
brushing techniques. This approach exemplifies how soft perception can bridge the gap between traditional
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Figure 7. Teaching evaluation. (A) Mean brushing force and standard deviation across all eight oral regions before and after using the
teaching system; (B) Box plot comparison of brushing forces before and after using the teaching system.

rigid sensors and human-centered healthcare applications, potentially extending to other biomechanical
monitoring and training scenarios.
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