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SUMMARY

Daily knee monitoring is critical for osteoarthritis management, aiding in both prevention and rehabilitation.
Current wearable solutions for daily use typically capture knee-bending angles as a single feature but lack
evidence for comprehensive knee-state recognition. Here we introduce SyncKnee, a knee-monitoring sys-
tem that tracks both joint angles and swelling patterns, providing detailed knee-state monitoring for daily
use. SyncKnee consists of three components: a stretch sensor pad, a multi-modal machine-learning model,
and personalized information support. The sensor, made from poly(SBS) fiber and eutectic gallium-indium
alloy, tracks skin deformation from bending and swelling. Robotic-arm-driven tests confirm sensor accuracy
in responding to bending and swelling. In the user study with 15 participants performing five distinct knee
maneuvers, our system with a random forest model achieves 98.48% accuracy in recognizing knee behav-
iors. SyncKnee offers a comprehensive approach to knee monitoring with promising applications for daily

osteoarthritis care.

INTRODUCTION

Knee osteoarthritis (KOA) is a prevalent condition. In 2019, the
World Health Organization estimated that approximately 528
million people worldwide were affected by osteoarthritis (OA),
with the knee being one of the most commonly involved joints.
KOA severely impairs mobility and quality of life while increasing
the risk of falls and fractures.?”® Consequently, the importance of
daily knee monitoring has grown, providing valuable insights into
personalized knee-movement tracking®® and supporting the
prediction and assessment of KOA progression and rehabilita-
tion outcomes.®

Fixed knee-monitoring technologies used in hospitals and
laboratories, such as magnetic resonance imaging (MRI)” and
vision-based motion-capture systems,® are costly and space
demanding, making them impractical for individuals to use for
daily knee-health tracking at home. In contrast, wearable knee-
monitoring devices enable convenient daily tracking.

Wearable knee-monitoring devices are critically evaluated for
their ability to provide comprehensive data, achieve accurate
motion recognition, and offer adequate comfort. Previous studies
have employed inertial measurement units (IMUs)®'° or physio-
logical sensors, such as galvanic skin response sensors,'' to
function as goniometers, providing data on knee angles and mo-

tion frequency.® However, single-angle data have limited clinical
acceptance, emphasizing the need for multi-channel data on
knee characteristics, such as muscle and joint swelling.'” In pre-
vious clinical research, swelling acts as one characteristic of knee
abnormality'® and indicates knee problems such as KOA or an
overused knee state after workout.*'? Nowadays, swelling mea-
surement is usually limited in clinics with experienced physiother-
apists. The swelling measurement on outpatients commonly
uses surface circumference measurements to indicate the quan-
tification of leg edema.’*"® To address the gap of missing wear-
able swelling measurements, our study aims to incorporate
knee-surface displacement and customize a wearable sensor
capable of estimating both knee-flexion angle and swelling.

Additionally, considering behavior recognition, machine-
learning (ML) techniques have shown high accuracy in recog-
nizing complex or subtle motion patterns,’’'®'" suggesting
that multi-channel data inputs could enhance the detection of
intricate knee-movement patterns.

From a comfort standpoint, the dynamic shape of the knee
makes rigid sensors such as IMUs uncomfortable for extended
wear. Advances in materials science have led to the development
of soft strain gauges made from fiber substrates and liquid con-
ductors, providing greater comfort when worn on the skin.'®'®
However, the studies on soft strain gauges primarily focus on
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Figure 1. Overview of the SyncKnee system
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The SyncKnee system includes a knee-monitoring device, an information support system, and a multi-modal model for assessing knee conditions.

hardware implementation, lacking a unified approach that inte-
grates ML-enhanced monitoring and user-friendly personal
data display. This gap complicates the ability of patients with
KOA, or individuals tracking daily knee exercises, to interpret
and utilize the collected data effectively.

In summary, current wearable knee-monitoring solutions suf-
fer from two main issues related to hardware and software: (1)
while swelling and kinematics are crucial for observing knee
states, current wearable sensors predominantly assess only ki-
nematic data; and (2) targeting personal usage, present knee
monitoring lacks a unified solution that integrates knee-swelling
pattern recognition with data display tailored for individual users.
Therefore, this paper introduces SyncKnee, an ML-enabled
wearable knee-monitoring system accompanied by a personal
information display, designed for individual users’ OA prevention
and rehabilitation. An overview of the SyncKnee system is shown
in Figure 1.

This paper presents three main contributions.

(1) Three-dimensional knee monitoring. A stretchable knee-
monitoring device is designed for assessing three-dimen-
sional knee skin deformation, capturing the physical fac-
tors on users’ knees, i.e., joint angle, joint girth, and thigh
girth.

(2) A multi-modal model for real-time knee monitoring. The
random forest machine model is adopted to recognize the
angle and swelling status of the knee based on the data
from multiple modalities, including the knee’s displacement
signals in the direction of joint flexion and the joint circle.
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(3) App and website for personal information support. A per-
sonal app and website are proposed to show the knee
data and help users perceive their knee state through
real-time knee monitoring and accumulated knee-status
analysis.

In the following sections, we present our comprehensive
knee-monitoring system, SyncKnee, detailing sensor charac-
terization and the ML model. Two types of experiments were
conducted to assess the system’s feasibility: one involving
customized in-lab knee-movement simulators for technical
evaluation and the other with real users. Rigorous evaluation
with 15 participants demonstrates the system’s effectiveness,
with a random forest model achieving 98.48% accuracy in
classifying five distinct knee maneuvers. These results demon-
strate the system’s technical robustness and practical feasi-
bility. We conclude by synthesizing key takeaways from the
study and discussing potential applications of SyncKnee in
daily OA care.

RESULTS

SyncKnee hardware design and characterization
Material composition

In this study, a stretch sensor unit characterized by a three-
layered architecture (Figure 2A) was specifically devised for
the evaluation of skin deformation on the knee. This construct
consists of a stretchable material that functions as the insulating
substrate layer (adjacent to the human skin), an outer protective
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Figure 2. SyncKnee design

(A-D) 1: materials design. (A and B) poly(SBS) fiber-mat substrate and (C) EGaln liquid metal. (D) Sensor printing process: stencil pattern design, stencil cutting,
liquid metal printing, connecting wires, and gluing the top layer.

(E-J) 2: hardware overview. (E and F) Circuit design of the sensor. (G and H) Actual sensor mat size and PCB. (l) Connection of sensing part and PCB. (J) lllustration
of wearing location.
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Table 1. Comparison of three main flexible electronic substrate
materials

Material Thickness
choice Reference Stretchable Breathable (mm)

PI Wangetal.’’  no no 0.24
PDMS Tokuda etal.’”® yes no =1
Poly(SBS) Ma et al.?? yes yes 0.2

fiber mat

layer (adjacent to the air), and an intermediary conductive mate-
rial situated between these two layers. As a human-centered
design, the base layer should be stretchable and skin-friendly.
The entire three-layer material should be lightweight to minimize
foreign-body sensation.

Given the soft and dynamic nature of human skin surface
as substantiated by prior research,”® multiple studies have
explored diverse substrates and conductive materials for the
fabrication of soft sensors. Various choices of on-body flexible
electronic substrate are shown in Table 1.

Flexible electronics frequently employ plastic substrates,
such as polyimide (Pl), on conventional flex printed circuit
boards (PCBs).?"**®> Nevertheless, these materials’ intrinsic
lack of stretchability and breathability confines their utility to
planes and restricts their application on irregular body con-
tours. Polydimethylsiloxane (PDMS), a kind of silicone rubber,
has been widely used as insulating substrate for wearable elec-
tronics®*?° and exhibits a degree of stretchability at 150%.°°
However, these materials encounter significant issues related
to comfort: First, PI is stiff with a Young’s modulus of up to
3.54 GPa, demonstrating poor skin compliance and unaccept-
able foreign-body sensation.'® This kind of substrate contrib-
utes to a perceptible foreign-body sensation on the user’s
skin, particularly in joint areas. Second, the dense PDMS and
PI substrates show poor breathability, hindering sweat evapo-
ration during the on-skin scenario and potentially leading to
skin irritation over prolonged periods of coverage.®’

To meet the requirements for stretch sensing and wearable
comfort, we adopted the poly(styrene-b-butadiene-b-styrene)
(SBS) electrospun fiber mats developed in our previous research
(WADE-skin),?” which was validated as a substrate and cover
for the on-body sensors.?? This fiber mesh has been investi-
gated for use while attached to the human body, maintaining
good comfort originating from its textile-like breathability. Incor-
porating this into our prototype, the fiber mesh possesses a
thickness of 0.2 mm, effectively mitigating the foreign-body
sensation. To complement the poly(SBS) fiber, eutectic gal-
lium-indium alloy (EGaln) liquid metal was used for the conduc-
tive layer. EGaln is a unique stretchable conductor that retains
its liquid state at room temperature. It boasts several advanta-
geous attributes including low viscosity, high conductivity, and
high biocompatibility.”®

For our application, leveraging these properties, liquid metal
can be effectively coated or printed onto fiber-mat substrates
and subsequently encapsulated with additional layers to create
conductive, stretchable, and breathable sensor modules (see
Figure 2D).
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Sensor unit: Screen printing and characterization

The stretch sensor’s physical performance is influenced by its
pattern, with factors such as line geometry playing a crucial
role in determining stretchability.”>*° In our research, we have
opted for a zigzag strain-gauge pattern as the base sensor unit
with accurate unidirectional surface strain response to capture
the most knee-surface deformation in a single direction.

Following the sensor unit’s shape, we introduce an economical
and rapid method for fabricating our standard stretch sensor,
employing accessible materials and assets. The assembly pro-
cess is demonstrated in Figure 2 and detailed in the methods
section.

Post encapsulation, the gauge factor (GF) of this three-layer
sensing unit is measured as 1.74 under the strain range of 0%-
150%. A higher strain load may lead to disconnection of the
conductive layer and influence the linearity of the sensor
response. This sensor has good stretchability with a breaking
strain of 900%. Based on actual operating conditions (covering
the knee skin), this stain sensor will work under a 150% strain
range. Each sensor unit shows resistance change linearity over
2,000 cycles of stretch in later bending and user studies. Each
sensor unit measured dimensions of 10 cm in length, 4 cm in
width, and 0.3 mm with a nominal resistance of 60 + 5 Q.

= % (Equation 1)
Designed for human wearability, all the components (SBS mat
and EGaln liquid) of the sensor unit are non-toxic and well
permeable with a porous structure. The thin, highly stretchable,
permeable, and non-toxic nature of our sensor unit is excep-
tional for its long-term wearing comfort compared with commer-
cial polyethylene terephthalate (PET) bending sensors.
Multi-channel sensor array
To transition the sensing technology to an integrated product,
customizing sensor arrays for different anatomical regions of the
human body provides versatile solutions that accommodate the
dynamic nature of human physiology.®’ Considering the target
area we planned to monitor, in prior clinical investigations, pa-
tients afflicted with arthritic joints frequently exhibited abnormal
knee dynamics characterized by constrained bending angles.*?
Girth measurement in the clinic is usually undertaken in the
context of both knees and thighs. Knees manifesting effusion
display an associated knee-circumference swelling of approxi-
mately 2 cm.®® Thigh circumference can also be used as a recov-
ery test for the knee (measured 10 cm above the level of the knee
patella) after knee-replacement surgery, where the joint is
compromised and high muscle atrophy is present. In this setting,
the thigh circumference decreases compared to the normal thigh
circumference.®*

A tailored sensor array has been developed to monitor joint
swelling and associated muscle wasting simultaneously. As
shown in Figure 2E, our knee-monitoring device incorporates
three strain-gauge units: the joint-angle unit, the joint girth
unit, and the thigh-girth unit. These sensors are arranged in a
crossover pattern, forming a sensor array tailored to meet the
demands of kinematic and swelling monitoring for users. The
joint girth unit is strategically positioned in a circular pattern at
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the level of the patella, enabling the recognition of knee swelling.
The joint-angle unit traverses the patella vertically, facilitating
knee flexion angle recognition. Lastly, the thigh-girth unit is sit-
uated 10 cm above the patella, serving to detect thigh muscle
swelling or atrophy.

Data acquisition and system performance

The microcontroller unit (MCU) Seeed Studio XIAO Sense® is
mounted on the sensor for analog data acquisition and Bluetooth
transmission. The XIAO’s size of 21 x 17.5 mm renders it highly
suitable for integration into wearable devices. Furthermore, its
ultra-low power consumption, registering at a mere 5 uA in
deep-sleep mode, empowers it to efficiently manage lithium bat-
tery charging for extended durations.*® The microcontroller is
attached to the outside of a knee brace via a miniature battery
that provides 3.3 V to the sensor. As Figure 2| shows, the I/Os
are connected to the MCU analog input ports. The ADC resolution
is 12 bits, so the smallest detectable voltage change is AV, (0.805
mV). Three 220-Q resistors are set as the voltage divider for each
sensor, and the voltage under divider V can be measured using
Equation 2. Furthermore, the resistance changes AR and the
length changes AL were calculated based on the analog signals
(A, Ap) from MCU, as shown by Equation 3. Under this circuit,
the smallest 0.087-Q resistance change AR, can be detected
as using Equation 4, and the smallest detectable strain ¢y, is
0.0833% according to a GF value of 1.74.

= %, (Equation 2)

AR = 220Q (% - Alo> = GF - ATL~R7 (Equation 3)

AR, = Adi\/o = %z 0.087 Q, (Equation 4)
dR  (600+2200)

AR 0.087 ~0.000833. (Equation 5)

“mn = R.GF = 60174

The three-channel signal was collected at a frequency of 40 Hz
to ensure adequate data on the surface deformation of the living
knee. The sensor and MCU are finally integrated as the knee-
monitoring device and placed on the patient’s knee as shown
in Figure 2J. In addition to fitting the knee-monitoring device
directly to the skin, it is also possible to incorporate the product
into commercially available knee pads or orthotics. For example,
at the sacrifice of accuracy, a more adaptable knee brace can be
worn with our knee-monitoring device inside, ideal for public use
and in the hospital environment.

Personal information support

Our information support includes both real-time knee-state
assessment and long-term cumulative knee-state analysis. The
user interfaces are designed as shown in Figure 3. Personal infor-
mation support can significantly help in health management and
telemedicine, a health-monitoring system that combines sensing
devices and features visualization apps or websites that can help
users to conduct self-health assessments. To provide individuals
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with information support, we developed our digital platform
combining an app and a website. The product is designed with
the hypothetical goal of personal knee-health management in
mind. To address the aforementioned need for both real-time
monitoring and long-term assessment of arthritis status,® the de-
vice will offer two key features: real-time data display and cumu-
lative knee-data statistics. The real-time data display is intended
to serve as a potential alert for abnormalities, while the accumu-
lated data statistics are aimed at providing a reference for as-
sessing long-term knee health. The following sections detail
the design and functionality of these support features.
Real-time data display
Our knee-monitoring app aims to offer real-time feedback while
users are undertaking knee-state assessment or are under reha-
bilitation exercises. Real-time data display of certain body parts,
such as muscles or joints, can help patients engage in rehabilita-
tion exercises.*® In our study, therefore, a mobile app was devel-
oped to display real-time knee-state data from our wearable
knee-monitoring devices.
Cumulative data overview
Visualization of health-monitoring systems for everyday use also
provides a user experience that includes an improved under-
standing of target indicators and increased acceptance of re-
minders to help patients with self-health management.*” Visual-
ized telemedicine systems can also help physicians rehabilitate
patients or manage chronic conditions.*®

Besides real-time monitoring on the mobile device, a web-
based platform visualizes data from the database for long-term
data analysis, which is also remotely accessible for researchers.
The web shows the proportion of knee-swelling status over the
whole testing period and also graphs the status distribution on
the time (last hour, last day, last week). It helps doctors and pa-
tients understand the date the abnormality occurred and the de-
gree of pre-existing knee swelling.

Machine-learning architecture and training

Joint-angle model development

To validate the feasibility and robustness of our designed wear-
able sensor, we adopt robotic arms to various movement angles
and place our wearable sensor on the robotic arms to stretch and
acquire various signals. As the robotic arms are already well-vali-
dated devices,*? we adopt the movement angle of robotic arms
as the labels and each sequence of the acquired data points as
the input data. By removing the artifacts during the experiment
(e.g., the beginning and ending moments of the robotic arms
and some adjustments), the labeled data can be split into training
and test data with the common ratio 8:2. The training data will be
imported into ML models for training in order to detect the move-
ment angle based on the input sensor signal. For the detection
task, we select the random forest model that is widely adopted
in pattern-recognition tasks'’ to show the best performance.
Let us denote the random forest as RF*° and suppose we have
N trees in the forest. We can then denote the prediction of
each tree as h;(x), where i ranges from 1 to N and x is the signal
input data. The overall prediction y of the random forest for a
given signal input x is typically the majority vote of the individual
tree predictions. So, for a detection task, we can represent it
mathematically as

Cell Reports Physical Science 6, 102438, March 19, 2025 5




¢? CellPress

OPEN ACCESS

# Pattern

Gesture Recognition

Angle

Hil tester01!

APP User Interfaces

Pattern Histoty

L 2
'panerm

Realtime monitor

Cell Re;_)orts .
Physical Science

OVERVIEW OF THE SYNCKNEE USER INTERFACES

Monitor

2023-01-18 11:07:08.

2023-01-18 13:23:50.

2023-01-26 19:51:17.
2023-01-26 21:04:12,
2023-01-26 21:04:21
2023-02-13 17:08:39. ssr s

2023-02-16 11:3536.030 4

Cloud database

WEB User Interface

Figure 3. Overview of the SyncKnee user interfaces and system architecture

The SyncKnee system integrates individual (A) and telehealth (B) components. The app user interfaces include a log-in screen, a real-time monitor, pattern
accumulation, settings configuration, and local storage. The web user interface for telehealth features a dashboard for pattern history visualization. Data are
stored and managed in a cloud database, facilitating seamless information flow between the individual and telehealth interfaces.

y = mode{h;(x),ha(x),...,hn(X)}.

Here, mode represents the mode function, which returns the
most frequent value among the set of predictions.
Multi-channel data integration

To enhance the precision of predictions regarding human move-
ment, participants were equipped with our specialized device
and engaged in controlled walking experiments. To simulate a
wide range of swelling conditions relevant to daily activities,
we introduced a pump-swelling simulator within a pair of knee
pads. The wearable sensor device was securely attached to
the surface of the knee pads, allowing for the capture of dynamic
signals during movements. Participants, while wearing the wear-
able device, were guided along purpose-built pedestrian path-
ways, maintaining a consistent step length throughout. Mea-
surements were taken at two specific locations: around the
knee at the level of the patella to assess joint swelling (referred
to as “joint girth”) and 10 cm above the patella border to evaluate
muscle wasting (referred to as “thigh girth”). At the same time,
based on the validated joint-angle random forest model, we

6 Cell Reports Physical Science 6, 102438, March 19, 2025

can track the joint angles through human movements and save
the data during user studies.

The signals collected through the wearable sensor are inte-
grated with the joint-angle sequence as the input data, which
is subsequently partitioned into distinct training and testing
sets ata 9:1 ratio. Consistent with the training procedure outlined
earlier, we adopt the random forest model to train a multi-chan-
nel knee-monitoring model based on the integrated data.

Data filtering

To reduce the effect of noise introduced by the sensor, a 6-order
infinite impulse response (IIR) low-pass filter is designed. This is
decided by empirical observations indicating that the relevant
signal component predominantly occupies lower frequency
ranges. Furthermore, the IIR filter offers low computational
complexity and can achieve narrow pass bands with low orders,
which are well suited to our requirements. The filter is configured
with a normalized cutoff frequency of 0.2, and its frequency
response is as follows:

B(z) b(0)+b(1)z '+---+b(8)z"®

He) = Az) ~ a(0)+a(1)z '+--+a(6)z &’
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Table 2. IIR filter coefficients

a(0) 1 b(0) 9.1678 x 109
a(1) ~5.6359 b(1) 5.5007 x 108
a(@) 13.2451 b@) 13752 x 107
a(3) ~16.6142 b(@3) 1.8336 x 107
a(4) 11.7312 b(4) 1.3752 x 10~7
a(s) —4.4210 b(5) 5.5007 x 10-8
a(6) 0.6947 b(6) 9.1678 x 109

where the filter coefficients a(0), ..., a(6) and b(0), ..., b(6) are
determined using the Butterworth method and are presented in
Table 2. The frequency response of the designed filter is shown
in Figure S1A.

Voltage output vs. skin deformation
Two experiments were conducted to test SyncKnee’s output to-
ward sense knee angle and girth change. Obtaining insights
from previous studies, machine-assisted testing can ensure
the accuracy of the featured data and the consistency of multi-
ple measurements, e.g., the firmness test of wearable prod-
ucts.”! Thus, in terms of the apparatus, we customized two de-
vices to replicate knee-bending and -swelling features. The
experimental apparatus and setup are shown in Figures 4A
and 4B.
Robotic-arm-based bending test
For the evaluation of the joint-angle sensor, we customized a
knee-bending device that adopted a reliable robotic arm to repli-
cate bending of the human knee.
Air pump-based swelling test
As there is limited study on wearable solutions for swelling mea-
surement and consequent evaluation approach, we built an air-
pump-based swelling device to simulate the girth change under
knee swelling. This test evaluates SyncKnee’s response function
to knee and thigh swelling under the noise from walking.

The detailed design and setup of the two tests can be found in
the methods section.
Bending and swelling fit functions
According to results in Figure 4, our SyncKnee device responds
effectively to changes brought about by bending and swelling.
In our robotic-arm-based bending test, we observed a clear
linear correlation between the change value (y;) of the knee-
monitoring device and the bending angle (x;) at which the knee
simulator was bent (Figure 4C). This correlation was established
based on a generated linear fit function: y; = — 2.11x;+
380.08. To clarify, the “change value” of the knee-monitoring
device represents the disparity between its output at the target
angle of the simulator and its output in its initial non-bending
state (baseline), and this is a unitless quantity. This finding sup-
ports the utility of our knee-monitoring device’s joint-angle
sensor as an effective knee-flexion-angle detector. Further-
more, a durability test was conducted on the knee-monitoring
device by undergoing 13 cycles of bending, each consisting of
50 repetitions (a total of 650 times for each test). Our sensor ex-
hibited remarkable stability and robustness throughout these
multiple bending conditions.
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In the result of the air-pump-based swelling test, we observe
that the value of the joint girth sensor correlates with knee
swelling measured in advance, and the value of the thigh-girth
sensor correlates with pre-assessed thigh circumference (the
position 10 cm up from the knee patella). Considering an in-
crease in knee swelling (Figure 4D), the output change of the joint
girth sensor shows a quadratic change based on the generated
fit function y;, = — 0.07x3+51.53x, — 6454.61. Similarly, the
thigh-girth sensor also shows a quadratic change (Figure 4E):
yr= — 0.05x$+39.318xr — 5674.08 with thigh muscle waste
(manifested as a decrease in thigh girth of the simulator). To
summarize, these findings indicate that both girth sensor parts
(joint and thigh) of the knee-monitoring device can stabilize the
girth changes brought about by edema or atrophy in the corre-
sponding parts. Generally, the fitted equations provide a valu-
able tool for assessing the extent of knee and thigh swelling in
patients when compared to knee-circumference and leg-
circumference measurements in a healthy state.

Knee-pattern recognition

Brief apparatus and procedures

After confirming SyncKnee’s responsiveness to both joint angle
and girth measurements, the system’s feasibility in real-world
user scenarios was further validated by integrating multi-channel
signals to discern various knee-joint states. In contrast to solely
relying on a single-channel goniometer to differentiate knee
gait, our system incorporates variations in joint and thigh circum-
ference to identify multiple knee states during daily activities, en-
compassing “stand,” “sit,” “knee raised,” “squat,” and “lunge.”
Despite similar knee angles, distinct expansions in knee and thigh
muscles were observed during sit, knee raised, squat, and lunge
actions. Manual knee-circumference measurements revealed
marginal differences in knee girth across these five behaviors,
averaging a 1.2165% change rate compared to the “stand” ac-
tion, as depicted in Figure 5.

Recognition performance

Data from 15 individuals were first collected and processed us-
ing our ML model. 2,700 segmented action samples (80 data
points per sample) were collected and split into training and
testing sets using a standard 8:2 ratio. By comparison, we tested
three models to classify the target behavior of 15 users. The IIR
low-pass filter was then deployed to reduce the noise of raw
data. Figure S1C shows the comparison between raw data
captured by the sensor and filtered data by designed IIR filter
of the “lunge” example of one subject. It is evident that the filter
is capable of attenuating noise and smoothing the data.

The classification results are listed in Table 3. Notably, our
random forest model demonstrated outstanding performance,
achieving a high accuracy rate of 84.33% with raw data. For
comparison experiments, we further included the data se-
quences by importing the filtered dataset and summarized all
experimental results accordingly. We observed significant en-
hancements in classification accuracy with our designed IIR fil-
ter, achieving improvements of 0.43%, 16.71%, and 13.34%
across three models. In the end, our SyncKnee integrated with
the random forest algorithm achieves an outstanding classifica-
tion accuracy of 98.48%. Among various knee behaviors,
“stand,” “sit,” “lunge,” and “knee raise” are identified with
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Figure 4. In-lab experiment

(A and B) 1: experimental setup for in-lab bending and swelling tests. (A) The bending test setup includes a vision motion-capture system for angle mapping and a
bending device to simulate knee movement. The inset shows the stretching signal monitored via BLE. (B) Swelling test. The left panel shows the swelling device,
including the inside view with air pumps 1 and 2, and the outside view indicating placement at the thigh and joint levels. The right panel illustrates the experimental
setup used during the tests.

(C-E) 2: sensor response to three target features: (C) angle vs. sensor analog, (D) joint girth vs. sensor analog, and (E) thigh girth vs. sensor analog. Data represent

mean + SD.

greater ease (with an accuracy rate of 100%) compared to
“squat” (with an accuracy rate of 94.12%).

These experiments, involving various exercise-induced
knee changes, validated the proficiency of our multi-channel
SyncKnee system in detecting comprehensive knee actions.
The random forest-enabled SyncKnee model efficiently ana-
lyzes users’ knee movements, contributing to its feasibility in
discerning diverse knee states.

DISCUSSION
In this paper, we designed the SyncKnee system for daily knee

monitoring. SyncKnee provides individuals with an effective
approach to tracking their joint and muscle movement. Compared

8 Cell Reports Physical Science 6, 102438, March 19, 2025

to previous studies, SyncKnee excels in more comprehensive
knee assessment as well as high accuracy in knee-motion recog-
nition and personal information support.

Key takeaways

Monitoring angle plus swelling

In this study, we aimed to assess multiple parameters of human
knees for rendering a comprehensive knee status. Previous
works are limited in assessing knee flexion through a goniom-
eter. On the other hand, girth changes are commonly found in
KOA patients,® but the girth measurement is merely accessible
to individuals. In our method, therefore, knee-girth measurement
was considered to argue for kinesthetic flexion. According to
clinical guidance, we also provide separate channels on both
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Figure 5. Manually measured thigh-girth difference between actions
The average change rate based on the “stand” action compared to the other
four actions is approximately 1.2165%.

the knee-joint level and the thigh level to provide higher moni-
toring resolution. The sensor channel for the joint level responds
directly to knee swelling under this joint, and the channel for the
girth level reacts to the inflation on the target thigh muscle
caused by swelling or weakness. Both channels show stable
quadratic changes during the girth changes, demonstrating the
ability of SyncKnee on knee-girth measurement. Along with the
joint angle, SyncKnee can monitor three knee parameters simul-
taneously and pack them with time stamps. Our multi-channel
solution excels in recognizing knee-joint behavior (even the
behavior with similar flexion angles but differing in muscle condi-
tions) and achieves a high detection performance. Based on our
study, combining kinesthetic joint angles and the physiological
parameters of muscle could give a more comprehensive joint
assessment and help with detailed motion tracking.

Soft solution with advanced materials

Our soft sensor leverages the poly(SBS) mesh’s stretchability,
thinness, and breathability to maintain good comfort during daily
monitoring. The material combination of poly(SBS) mesh and
EGaln liquid metal presents great potential in soft electronics.?*?”
Our study proves the concept of applying this state-of-the-art
technique to human knees for skin-deformation measurements.
Compared to commercial stretch sensors, SyncKnee enables
on-body detection and is easier to attach to the skin without
obvious foreign-body sensations. In addition, the thinness of
SyncKnee’s material allows a multi-layer structure to extend the
functionality in one sensing area. With our sensor pattern design
in different layers, SyncKnee can assess stretching on three
different dimensions within a single pad, reducing the complexity
of hardware for personal use.

In addition, our study provides detailed guidance for produc-
ing SyncKnee sensors. In this study, we adopted the screen-
printing technique to transfer the liquid metal to our substrate.
Screen printing is widely used in printing colorful ink onto our
clothes and is also an accessible approach for many designers
and design institutes. Our PET stencil with designed pattern
and thickness ensures standard resistance of the fabricated
sensor. This easy-to-fabricate approach moves from designing
the pattern in CAD to cutting the PET stencil with a pattern
before screen printing the liquid metal on the substrate. Our
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guidance can also help designers to customize and iterate their
soft SyncKnee quickly.

Unified system with machine learning

This study targets personal knee-monitoring scenarios, and in
this case an all-in-one system will be ideal for individuals. Apart
from the sensor design, SyncKnee gives a united system incor-
porating ML models and information support. Previous work'’
evaluated various supervised ML algorithms on the gait feature
classification. In our study, we also tested four ML models on
our knee-monitoring system, in which random forest had the
best classification accuracy of 98.48%. The random forest
model in this study pre-trained with users’ target knee actions
translates the skin deformation on three channels into an easy-
to-understand knee state. Our random forest model holds high
classification accuracy with serious movements in one angle,
i.e., lunges, knee raises, and squats. Therefore, the SyncKnee
employing ML has the ability to perform precise knee-motion
recognition and knee-state monitoring. Moreover, the personal
information support covers the needs of real-time monitoring
and the accumulated knee-status analysis, offering various ap-
plications in the future such as real-time abnormal notification
and long-term rehabilitation validation.

Limitations of the study

This study is limited by participants and experimental time.
Considering the scope of this study as a proof of concept and
the recruitment difficulty in reaching out to KOA patients, we
only conducted our experiments with healthy participants.
Although our system performs well in recognizing different swell-
ings caused by different exercises, considering the optimized
system for precise classification of arthritis-related swelling, it
will be helpful to have KOA patients involved in the future. In
addition, in our pre-training, we collected a dataset of the user’s
short-term movements, whereby the model only classifies an
instant pattern (sampling 20 times per second). The model lacks
long-term clinical data from patients to enable training to obtain
the correlation between a series of patterns and a certain arthritis
symptom. To extend the ability of disease detection, the study
needs more data from healthy people and knee patients to differ-
entiate between short-term and long-term knee characteristics.
Also in the user study, as the device was worn as an inner layer of
a knee brace, there may be differences in the direct on-body
application of the SyncKnee, and more experiments regarding
the on-body situation need to be conducted to provide a more
comprehensive ML model.

Potential applications and future work

Based on current knee-monitoring experiments by SyncKnee,
we further showcase the potential applications of our system in
KOA prevention and rehabilitation.

Real-time swelling alerts for outdoor activities

Compared with other wearable sensors, SyncKnee is comfort-
able to wear and more lightweight for outdoor activities. Besides,
as shown in the app interface (Figure 3), SyncKnee provides real-
time plotting graphs for knee-bending, knee-girth, and thigh-
girth changes. At the top side of the user interface, we also pro-
vide a blank for knee patterns. For example, hikers can obtain the
swelling patterns under current knee behavior, associating the
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Table 3. Accuracy of various models for predicting knee-joint behavior

Accuracy

Raw data Filtered data
Model All Stand Sit KR Squat Lunge All Stand Sit KR Squat Lunge
DT 0.8354 0.8118 0.8750 0.8243 0.8063 0.8554 0.8939 1 1 0.7059 1 0.9167
RF 0.8433 0.8325 0.8825 0.8145 0.83 0.8539 0.9848 1 1 1 0.9412 1
KNN 0.8421 0.8159 0.8736 0.8246 0.8254 0.8631 0.9545 1 1 0.8824 1 0.9167

The results were based on the filtered data from 15 participants. DT, decision tree; RT, random forest; KNN, nearest neighbors; KR, knee-raise activity.

swelling pattern with hiking behaviors, such as the knee-swelling
pattern during continuous climbing or quick heavy landing.
Users can track their knee-swelling status and notice abnormal-
ities if there is still a high swelling pattern while relaxing or
walking. This application can help with prevention of knee prob-
lems by acting as the pre-notice to avoid overused knee joints.
The physical notification of SyncKnee could be further designed
in the future to free users’ eyes from their mobile phones.
Remote rehabilitation validation

A long-term assessment of the patient’s knee state is crucial for
evaluating the rehabilitation progress. SyncKnee’s information
system provides an accumulated patterns graph with a custom-
ized time range and can map the proportion of various knee pat-
terns. Our website also allows remote access. Thus, SyncKnee
enables telehealth to analyze the knee-state change over a time-
line and the overview of a significant knee state, with the ultimate
aim of validating individual rehabilitation progress.

METHODS

SyncKnee fabrication

(Step 1) The screen-printing process begins with the produc-
tion of a stencil, wherein the conductive layer’s pattern is
meticulously designed. (Step 2) Subsequently, the PET sheet
is cut with the designated pattern (if a laser cutter is unavai-
lable, the pattern may be printed on the PET sheet and cut
manually). (Step 3) This PET stencil is then positioned onto
the targeted area of the fiber mat, followed by the uniform
application of EGaln liquid metal coating using a roller. The
roller is systematically maneuvered over the stencil until the
coating is fully transferred, allowing for the successful printing
of the conductive layer onto the substrate. (Step 4) To in-
crease the conductive area in the connection area, a 6.35-
mm-wide double-sided copper conductive tape is employed
to affix to both ends of the sensor for easy and robust wiring.
(Step 5) After connecting the wires, the top layer is glued on to
complete the quick encapsulation of a sensor unit. Note that
the fabrication process of the poly(SBS) mesh layer is not
the focus of this paper, for which readers are referred to the
previous work on WADE-skin.?’

Robotic-arm-based bending test

For the evaluation of the joint-angle sensor, we customized a
knee-bending device that adopted a reliable robotic arm to repli-
cate bending of the human knee. Within our study, the robotic
arm is the Ufactory XArm 7,%? a 7-joint robotic arm, which can
rotate each joint to a certain angle precisely and also call back

10  Cell Reports Physical Science 6, 102438, March 19, 2025

the motion angle. We used the sixth axis of the robotic arm to
simulate the knee joint, and the joint-angle sensor was affixed
to the gear using two stands and nylon ties, as illustrated in the
accompanying Figure 4A. Considering errors due to fixtures,
we also refer to the camera to compare the printed angle of
the robotic arm with the actual bending angle of the knee-moni-
toring device assembled on its surface. A 7-cameras Eagle Dig-
ital System from Motion Analysis (USA), which is widely used in
the field of motion-capture and joint-motion simulation,*® was
used as a pre-test to map the robotic arm’s joint angle with the
real bending angle of our sensor. The pre-test result shows
that the printed angle from our robotic-arm-based bending de-
vice can be reliably mapped to the sensor’s bending angle with
a systematic error of only 0.66% with respect to camera motion
tracking.

After the pre-test, knee-bending angle validation of our knee-
monitor device based on this simulator was conducted. In the
experiment, the sixth joint of the robotic arm was operated to
move from the starting point (knee upright state, 180°) to the
target bending point (50°-170°, the interval is 10°) and conduct-
ed 50 times for each target bending point. The knee-monitoring
device’s data were collected in the form of joint angle analog
value time via Bluetooth with frequency 20 Hz and stored on
the phone and cloud database.

Air-pump-based swelling test

This test evaluates SyncKnee’s response function to knee and
thigh swelling under the noise from walking. Polyurethane (PU)
air pumps capable of achieving a uniform variation of 30 mm
thickness were designed to be able to fit the human body as a
swelling simulation. In addition to the static swelling simulation,
with reference to the experimental setup regarding gait anal-
ysis,** this swelling simulation experiment was also performed
while subjects were walking as instructed. We established a
controlled pathway for our participants, limiting their number
of steps (precisely 12 steps) and their stride length (65 cm) to
validate the girth measurement. The experimental setup is
shown in Figure 4B. Varying degrees of swelling in both the thigh
and knee joints were assessed, from 42 cm to 45 cm circumfer-
ence for the thigh and from 38.3 cm to 40 cm for the knee,
respectively. These measurements represented different levels
of swelling.

User study: Knee-pattern recognition

We recruited 15 participants on campus, all of whom are students.
The cohort comprises five males and ten females whose ages
range from 23 to 28 years (mean = 25.4, SD = 1.86), with diverse
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Figure 6. User study
(A) Target behaviors: stand, sit, knee raises, squats, and lunges.

(B-G) Analog signal samples for various movements. Analog signal samples were captured during (B) standing, (C) sitting, (D) knee raise, (E) squat, (F) lunges, and

(G) comparison of knee-raise and lunge movements.
n=15.

heights ranging from 152 cmto 179 cm (mean = 164.4, SD = 8.69).
Participants reported having no previous KOA or experiencing any
discomfort of the knees. All the exercises were conducted on par-
ticipants’ right knees, and our SyncKnee was set up correctly with
the help of researchers. In this user study, participants engaged in
five distinct procedures, as illustrated in Figure 6A. Each
sequence involved executing the specified knee exercise ten
times, guided by a 2-s metronome. The participants transitioned
from one standing position to another standing posture, with
each targeted knee state maintained for 1 s, ensuring the entire
movement’s completion within a controlled 2-s time frame. For
exercises involving knee bending (sit, knee raise, squat, and
lunge), a chair set at a fixed height was utilized to maintain the par-
ticipants’ knee-joint angle at 90°. All of the data, formatted as (time
stamp, joint-angle signal, knee-girth signal, thigh-girth signal) at a
sampling frequency of 40 Hz, were transmitted to the mobile app
via Bluetooth. Figures 6B—-6G show the signal samples for the five
actions, showcasing distinct patterns across all three channels,

particularly the different patterns in the thigh-girth and knee-girth
signals.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Stephen Jia Wang (stephen.j.wang@polyu.
edu.hk).

Materials availability
All materials generated in this study are available from the lead contact with a
completed materials transfer agreement.

Data and code availability
o All data reported in this paper will be shared by the lead contact upon
request.
e All original code has been deposited at the SyncKnee repository and is
publicly available at https://github.com/leonardofang/Syncknee as of
the date of publication.
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e Any additional information required to reanalyze the data reported in this
paper is available from the lead contact upon request.
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