
5936 IEEE SENSORS JOURNAL, VOL. 19, NO. 14, JULY 15, 2019

A Wearable Sensing and Training System: Towards
Gait Rehabilitation for Elderly Patients

With Knee Osteoarthritis
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Abstract— Traditional gait modification for knee osteoarthri-
tis (KOA) patients relies on a lab-based system to sense the
variation in the kinematic parameter and calculate the knee
adduction moment (KAM) for rehabilitation evaluation. These
lab-based systems are generally not portable or easy to implement
in daily life. The wearable system in this paper depends on
its sensing function to train the gait type and estimate the
KAM by using a motion sensor and pressure-sensitive electric
conductive rubber sensors. This paper describes the design of
the wearable sensing and training system, the evaluation of
its training effect, and predicted accuracy for the KAM curve.
Six elderly patients with medial compartment KOA performed
gait training trials in a motion capture laboratory. All subjects
altered their foot progression angle from a natural gait to a
toe-in gait by an average of 23.59° (p < 0.01). Five out of six
participants reduced the first peak of the KAM by an average
of 24.63% (p < 0.01). Meanwhile, the estimated KAM curves
were similar to the reference ones with a median correlation
coefficient of over 0.90, and the average root means square error
did not exceed 0.37 N∗m/(kg∗m). The results show that the gait
of the subject was altered to reduce the KAM with the wearable
sensing and training system. In addition, the system was used to
determine the variation in KAM before and after gait training.
Overall, the wearable sensing and training system holds potential
for treating symptoms and monitoring KOA progression in an
outdoor environment.

Index Terms— Wearable sensing, gait training, wearable mea-
surement, knee adduction moment (KAM).

I. INTRODUCTION

KNEE osteoarthritis (KOA) as a common chronic disease
affects the health and normal life of middle-aged and

elderly people [1]. The risk for people to have symptomatic
KOA is nearly 50% in their lifetime [2]. Numerous osteoarthri-
tis studies have shown that knee adduction moment (KAM)
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during the stance phase is a critical indicator of KOA [3]–[5].
Severe KOA patients show a positive relationship between pain
intensity and KAM impulse [6]. In addition, compared to the
general population, patients with KOA tend to have a higher
first peak KAM [7]. Due to the rapid development of wearable
technology, reducing KAM with wearable devices is one of the
significant methods for rehabilitation in elderly KOA patients.

Typically, gait modification, as a nonsurgical treatment
aiming at lowering the KAM, has been widely adopted [8], [9].
There are many ways to train gait with a wearable system.
For example, altering the gait to the toe-in position by a
wearable training device has been proposed as a biomechan-
ical intervention for people with medial compartment KOA.
As illustrated in [10], toe-in gait training was conducted by
real-time haptic feedback through the use of a vibration motor.
Kinematic data during the human movements were recorded
using a 3D motion capture system. Similarly, in [11], the foot
progression angle (FPA) of the subject was measured using
eight MX cameras. Then, it was displayed on the projection
screen in real time to instruct the subject to alter the gait.
Additionally, medial-lateral trunk sway with wearable training
system can influence the KAM. In the training of trunk
lean gait modification, wearable haptic devices were attached
to different segments of the body for real-time feedback.
An eight-camera Vicon system was applied to calculate the
trunk sway angle during gait retraining trials [12]. Among
these studies, the kinematic parameters of the subject related
to gait modification, such as FPA and trunk sway angle,
were measured via the marker-based motion capture system.
Although wearable feedback devices have been applied with
the advantage of being able to modify gait parameters in
the real-world scenario [13], [14], the present gait training
system does not have the function of wearable sensing and still
requires a lab-based system to sense and determine variations
in gait parameters related to gait modification.

Furthermore, for lower-limb rehabilitation evaluation, pre-
vious gait modification studies for KOA have depended on a
gait laboratory to calculate the KAM, which is equipped with
stationary force plates and a motion capture system [10]–[14].
While the approach is useful in research settings, it is a
complicated and expensive procedure to utilize in regular
clinical practice. It is suggested to assess the post-training
effect with a wearable system. In summary, the existing gait
training system lacks portability. To overcome these short-
comings, a new wearable system capable of sensing and
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Fig. 1. The schematic diagram of wearable sensing and training system.

training kinematic parameters in real time and simultaneously
estimating variations in the KAM during the stance phase in
a natural environment is desirable for KOA patients.

In this paper, we present the development of a wearable
sensing and training system, which comprises two modules:
a gait-training unit and a measurement unit. These modules
are mounted on different joints and segments of the lower
limb. The gait type can be trained using the gait-training
module. During ambulatory walking, this module can detect
the variation in gait parameter related to the gait pattern
without relying on a traditional lab-based system. Specifically,
a z-axis angle-based sensing and training method is suggested
to alter the gait type of the subject due to the relationship
between z-axis angle and gait pattern. Additionally, with the
measurement unit, which is a plantar pressure measurement
system composed of six pressure-sensitive electric conduc-
tive rubber (PSECR) sensors mounted on specific anatomical
locations of the foot, the KAM during the stance phase
can be predicted to evaluate the training effect. The plantar
pressure data combined with artificial neural network identify
the shapes and magnitudes of the KAM curves, which can
help to detect the variation in KAM after gait training.

As an application towards gait rehabilitation, we also intro-
duce and demonstrate the use of this wearable sensing and
training system through multiple subject experiments. The pri-
mary purpose of the experiments was to evaluate whether the
wearable system based on the z-axis angle sensing and training
method can be applied to alter the gait pattern of the subject
with the intent of reducing the KAM. The secondary purpose
was to examine the estimated accuracy of the ambulatory
system for KAM and its potential to determine the changes in
KAM that result from gait modification.

II. WEARABLE SENSING AND TRAINING PRINCIPLE

A. Design of a Wearable Sensing and Training System

As shown in Fig. 1, the wearable sensing and training
system is mainly composed of a gait-training unit and a
measurement unit. The two modules mounted on separate
joints and segments are controlled by different microcon-
trollers. The gait-training unit is worn on the foot of the
subject to detect and differentiate between different types of
gait pattern during walking (Fig. 2(a)). A single 3D motion
sensor containing a 3-axis gyroscope, a 3-axis accelerometer
and a 3-axis magnetometer (MPU-9250, InvenSense, USA)

Fig. 2. (a) The gait-training unit of the wearable system. (b) The measurement
unit of the wearable system.

is integrated into a printed circuit board. All of the data
measured by the motion sensor are processed by a USR-C322
WIFI module, which is based on TI CC3200 chip and has
industrial ARM Cortex-M4 core. A Kalman filter-based fusion
algorithm was applied to process the signals of the motion
sensor to estimate the orientation of the foot. Subsequently,
these data were transmitted to a computer by WIFI wireless
communication units. In addition, a vibrator connected to the
USR-C322 WIFI module was placed on the ankle of the
subject using double-sided gum to instruct them to modify
the gait. The sampling frequency of the motion sensor was set
to 200 Hz.

The wearable measurement unit with six PSECR sensors
(Nitta Co., Japan) was designed to estimate the KAM during
the whole stance phase. Six PSECR sensors are attached to
specific anatomical locations of the foot to measure plantar
pressure. As depicted in Fig. 2(b), six PSECR sensors are
attached to the socks. The PSECR sensor is thin and flex-
ible. The thickness of the PSECR sensor is approximately
0.5 mm. In addition, the diameter of its sensitive area is
12 mm. The sensitive area is divided into four sectors.
Each sector is a pressure-sensitive unit that can measure the
corresponding applied pressure. Fig. 3 is a resistance-force
curve of the PSECR sensor. The PSECR sensor was loaded
and unloaded using a force gauge (which has a measure-
ment range of 1000 N and a resolution of 0.1 N). This
calibration procedure consists in applying varying forces in
the direction perpendicular to the sensitive area of PSECR
sensor. The resistance variation of the PSECR sensor was
measured by the 6-1/2 digital precision multimeter (Tektronix,
Inc., USA). It can be seen from Fig. 3 that the resistance of
the sensor is basically consistent during loading and unloading.
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Fig. 3. The relationship between resistance and force acting on the PSECR
sensor.

The resistance of the sensor decreases with increasing force
applied to its sensitive area. Specifically, the sensor has a
higher sensitivity when the force is less than 100N, but the
measurement error is also large due to the hysteresis effect.
When the force is greater than 150N, the linearity of the curve
is better. The sampling frequency of the wearable measurement
unit can reach 100 Hz. The pressure signals amplified by the
operational amplifiers are sent to the multiplexer switches,
which are controlled by an ATmega32 microcontroller (Atmel
Co., USA). Then, the collected data are transmitted to the
computer through a Bluetooth connection.

B. Wearable Gait Training Method Based on Motion Sensor

In this gait training scheme, real-time tactile feedback was
implemented based on the z-axis angle, which was defined as
the z-axis data of the instep-mounted motion sensor during the
stance phase. Since the purpose of the wearable gait training
module is to alter the gait pattern, it is adequate to sense
the variation of the foot posture using the z-axis angle. It is
unnecessary to measure the FPA accurately, which generally
represents the gait pattern (normal gait, toe-in gait). Here,
the z-axis data of the motion sensor during the stance phase
was used as a substitute index. Pilot testing on healthy subjects
demonstrated that the z-axis angle during stance phase is
related to the gait pattern and varies with gait type. Specifi-
cally, in our previous trials, we tested healthy participants in a
gait laboratory. Three healthy subjects (2 male, 1 female; age:
23 ± 1 years; height: 1.683 ± 0.04 cm; mass: 56.1 ± 5.11 kg)
were recruited from the university community and participated
after giving informed consent. Subjects wearing a motion
sensor on the instep performed a series of walking trials with
different gait types. As seen in table 1, the z-axis angles during
stance phase for normal gait and toe-in gait were recorded
during the walking trials. The data show that the z-axis angle
during stance phase for the toe-in gait increases by at least 15°
compared to that for the natural gait. Thus, we hypothesized
that the z-axis angle during the stance phase can be used
to substitute for FPA to determine the variation in gait type
during walking. Although the healthy young group in this pilot
test is not similarly age-matched to those participants (elderly

TABLE I

THE Z-AXIS ANGLE DURING THE STANCE PHASE
IN NATURAL GAIT AND TOE-IN GAIT

Fig. 4. (a) The z-axis angle during straight walking. (b) The angular velocity
during straight walking.

patients), it makes no difference to use the data from healthy
subjects. Because the gait types in different age groups are
similar. The FPA generally represented the gait pattern of the
subject. And it has no direct relationship with the age. Accord-
ing to the FPA value of the gait type in the paper [10], [12],
the gait types of healthy subjects and elderly patients with knee
OA had no significant difference. Furthermore, the z-axis angle
during stance phase can be confirmed based on the zero-value
angular velocity. As shown in Fig. 4, the shapes of the two
curves are similar. It can be seen that the z-axis angle varies
periodically during walking. The z-axis angle experiences a
sudden jump in every gait cycle, which is corresponding to
the swing phase. Then the z-axis angle remains unchanged,
which refers to the stance phase. Similarly, the angular velocity
also presents clear cyclical fluctuation. In every gait cycle,
there is a sharp rise. And then the angular velocity remains
near zero during the stance phase. The z-axis angle during the
stance phase was determined based on the angular velocity
measured by the gyroscope. Specifically, in every gait cycle,
when the angular velocity measured by the gyroscope is zero,
the z-axis data of the motion sensor at that moment was
considered as the z-axis angle and transmitted to the MCU,
USR-C322 WIFI module. Since the foot is basically in a
stationary state during the stance phase, the angular velocity at
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Fig. 5. The logic diagram of the gait training principle.

that moment is approximately zero. Therefore, the zero value
of angular velocity measured by the gyroscope can be used
as the criterion for judging the z-axis angle during the stance
phase. During each step, the z-axis angle was measured in real
time, and feedback was administered during the stance phase
of the same step.

The gait training principle is shown in Fig. 5. For the
specific subject, the system can train the toe-in gait according
to the predefined threshold value, �Z, which is related to the
toe-in position. First, it is necessary to calibrate the z-axis
angle under the natural gait pattern before the gait retraining
trial. The motion sensor measures the z-axis angle during
stance phase corresponding to the natural gait of the subject
and sends it to the upper computer. This angle is called Z0,
which is used as the reference. After calibration, there is a
need to set the threshold on the upper computer, namely,
�Z, reflecting the foot varus angle, which is generally more
than 15°. The value is confirmed based on the angle difference
from previous walking trials detailed above. It can be adjusted
as needed to perform subject-specific gait training. During the
gait training trial, the motion sensor measures the z-axis angle
during the stance phase in every gait cycle and transmits it to
the upper computer in real-time. The angle is called the Zx.
The host computer determines whether the difference between
Zx and Z0 is greater than the threshold, �Z. If the condition is
satisfied, no vibration feedback is given; Otherwise, the upper
computer sends a low-level signal to the GPIO 22 port of
CC3200. As a result, the vibrator motor attached to the ankle
vibrates to remind the subject to adjust the varus posture.

C. Wearable Sensing Method for KAM Measurement

The PSECR sensor combined with machine learning tech-
niques is to identify the shape and magnitudes of KAM
curves. During walking, the wearable measurement unit is
used to measure the plantar pressure of the six specific spots
underfoot from heel strike to toe off. Meanwhile, an artificial
neural network was built to predict the KAM based on the
plantar pressure data sensed from the wearable measurement
unit. As shown in Fig. 6, six PSECR sensors are attached to
specific anatomical locations of the foot of the subject using
double-sided tape to obtain plantar pressure. The typical spots
include the toe, the first metatarsal head, the second metatarsal

Fig. 6. The anatomical locations of sensor distribution.

Fig. 7. Representative pressure pattern from the sensor placed on the toe
during the stance phase.

head, the fifth metatarsal head, and the heel. These anatomical
locations are selected based on biomechanical areas of loading
in a typical plantar pressure distribution [15]. Figure 7 presents
a sample data obtained from the sensor of the toe during
stance phase by a subject walking in a normal gait. There are
4 sensitive sectors in one sensor. In total, there are 24 channel
sensor signals. All the pressure data were smoothed by using a
Butterworth low-pass filter (4th Order Zero Lag) with a cut-off
frequency of about 5 Hz. Then the plantar pressure data was
used as an input to the neural network model.

Previous studies have shown that the artificial neural net-
work is a useful tool to predict time series in biomechan-
ics [16]–[18]. In this study, for each subject, a feedforward
neural network model was developed to estimate the KAM
during the stance phase using the MATLAB Neural Network
Toolbox. The neural network model was trained by error back-
propagation using the Levenberg-Marquardt algorithm based
on plantar pressure data measured by the six PSECR sensors
and reference KAM values calculated from the motion capture
system (Vicon Motion Systems Ltd., Oxford, UK). This model
comprised one input layer, one hidden layer, and one output
layer. The input parameters of the model were plantar pressure
data and 24-channel sensor signals from the measurement unit,
which were low-pass filtered with a cutoff frequency of 5 Hz.
The output parameters were the estimated KAM values. In the
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TABLE II

DEMOGRAPHICS OF PATIENTS WITH SYMPTOMATIC KOA. STANDARD
DEVIATION VALUES ARE REPORTED IN PARENTHESES

hidden layer, a tangent sigmoidal activation function (Eq. 1)
was used. For the output layer, the result of a pure linear
transfer function (Eq. 2) was the estimated value of the KAM.
The number of neurons in the hidden layer was determined
by a rule-of-thumb method, which resulted in the minimum
MAD value [19]. After the neural network models were built,
the predicted KAM of the selected trial and the reference KAM
were used for comparison.

y = 2

1 + e−2x
− 1 (1)

y = x (2)

III. EXPERIMENTAL METHOD

A. Experiment Setup

In this preliminary study, six elderly subjects with KOA
(table 2) were recruited from the university community. Sub-
jects were required to have a history of unilateral KOA and
self-reported knee pain per Week. All elderly subjects partici-
pated in the study after giving informed consent in accordance
with the Medical Ethics Committee of School of Medicine,
Zhejiang University (Project identification code: 2018-005).
After signing the informed consent, the participants conducted
the walking trials successively, including the normal gait
trial, varus gait training, and verification test. Ten successful
walking trials were performed by each subject for each gait
condition. In each experiment, the subjects were required to
walk along a straight line.

Before the natural gait trial, the elderly subject was given
oral instruction to the trials. As shown in Fig. 7, an initial static
trial was performed with markers on the lower part of the body.
Then, the subject walked normally on the path for 3 minutes
to familiarize with the laboratory space. Afterward, the subject
was asked to wear only the measurement unit and walk along
a level walkway of 10 m at a normal speed (approximately
1.2 m/s). A trial was considered successful if the subject
stepped with the foot wearing the sensors right on the force
plate (AMTI, Advanced Mechanical Technology, Inc., USA).
Marker trajectories were recorded with a six-camera Vicon
system at 100 Hz. Simultaneously, the ground reaction force
was collected with a force plate, sampled at 1000 Hz in
synchrony with the cameras.

Following the natural gait trial, the subject then performed
the gait training on the walkway, at the same speed as that for
the normal gait, for 5 minutes. Before the practice, the sub-
ject wore the gait-training unit on the lower limb and then
calibrated the z-axis angle corresponding to natural gait at the
starting point of the walkway. The threshold (corresponding to

foot varus angle) was set to 15° in the upper computer. This
value was chosen based on pilot trials and can be adjusted to
perform a subject-specific training trial in a follow-up study.
During the trial, the subject was informed that a vibration pulse
on the ankle joint indicated the toes should be pointed more
inwardly on the next step and that no vibration indicated that
no correction was needed. After the gait training, a verification
test was conducted to judge the gait training effect. The par-
ticipant walked on the same walkway at a normal speed with
the wearable sensing and training system. During the test, the
altered gait data were collected and stored for further analysis.

B. Data Analysis

Marker data and force plate data were streamed to Nexus
2.5 software (Vicon), where the calculation of kinematic
parameters (FPA) and reference KAM was performed. This
software uses traditional inverse dynamics theory to calculate
net internal joint moments of the knee. Specifically, a plug-
in gait model (Vicon) was built to calculate reference KAM
during walking trials. All the KAMs were normalized by
multiplying body weight by height (%BW∗HT) [20]. The
stance phase was normalized to 100%. Differences between
the parameters in both gait patterns, such as FPA and KAM,
were judged with paired student’s t-tests at the p < 0.01 signif-
icance level. All statistical analyses were computed on Matlab
R2010b (The MathWorks, Inc., MA, USA). Before selecting
the paired t-tests, the one-sample Kolmogorov-Smirnov test
was performed to test the normality of the data by using
kstest. This MATLAB function returns a test decision for the
null hypothesis that the data comes from a standard normal
distribution.

Trial data from the wearable measurement unit and refer-
ence KAM were exported to MATLAB for further analysis.
A total of 20 walking trials were performed for each subject,
and 10 trials data were obtained in a natural gait. The left
10 trials data were obtained in altered gait. The data for each
subject was divided into 20 groups. One of the 20 groups
was used as a test set while the remaining 19 groups were
used as a training set. This testing process was repeated
ten times for each gait. The plantar pressure data in each
training set was used as an input to the neural network model.
The reference KAM in each training set was used as an
output to the model. In total, six neural network models were
developed to estimate the KAM for all subjects. To verify
the prediction accuracy of our wearable measurement unit,
the predicted KAM estimated by the neural network model
and the reference KAM were used for comparison. For each
test process, the Pearson correlation coefficient was used to
evaluate the association between the predicted and reference
KAM curve patterns. The predicted accuracy of the model was
examined by calculating the root mean square error (RMSE)
of the difference between the reference and estimated KAM
values.

IV. RESULTS

A. Wearable Sensing and Gait Training Test

To validate the training effect of the wearable gait-training
module, the FPA and KAM values were calculated by the
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Fig. 8. The initial static trial performed by a typical subject.

TABLE III

COMPARISON OF FPA AND KAM BETWEEN
NATURAL GAIT AND ALTERED GAIT

motion capture system, which was generally used as a gold
system to measure the kinetic parameters. As shown in Fig. 8,
to determine the variation in gait type for each subject, the FPA
was computed and averaged over the stance phase. The mean
of the data from ten walking trials per subject for each gait
condition was included in the analysis. A positive FPA repre-
sented a natural gait while a negative FPA represented a toe-in
gait, indicating toes were pointing slightly inward. On average,
subjects decreased their FPA by 23.59° after gait training
compared with natural gait (p < 0.01) (Fig. 8, table 3).

The magnitudes of the first peak KAM calculated by the
motion capture system are presented (Fig. 9). The red bar in
the chart describes the first peak KAM of normal walking of
the subject. In addition, the yellow bar shows the first peak
KAM of the subject in altered gait. Five out of six subjects
(except subject 4) reduced their first peak KAM for the toe-in
gait, compared with that for the natural gait, after wearing the
real-time tactile feedback system for gait training.

As shown in table 3, the FPA and reference KAM for
all subjects in both gaits were compared. The largest differ-
ences for the FPA and first peak KAM between pre-training
and post-training gaits are 29.88° and 1.01 N∗m/(kg∗m),
respectively.

The average KAM curves of five subjects (excluding
subject 4) obtained from the motion capture system in natural

Fig. 9. The FPA for six subjects before and after gait training.

Fig. 10. The variation in first peak KAM for six subjects before and after
gait training.

gait and post-training gait are presented (Fig. 10). As illus-
trated above, the solid blue line refers to the KAM curve in
normal gait, and the KAM curve in toe-in gait was marked
by the red dashed line. The KAM waveform represents one
complete stance phase. The stance phase was normalized to
0 to 100% for the comparison, where 0% refers to heel-
strike, and 100% refers to toe-off. The mean KAM for each
gait type demonstrates a distinct first peak corresponding to
approximately 30% of the stance phase. The first peak KAM
significantly decreased after gait training compared with that
of the natural gait. The altered gait reduced the first peak of
the KAM by an average of 24.63% (p < 0.01).

B. Wearable KAM-Measurement Test

To validate the measurements of the wearable measurement
unit, the results obtained from one test set were compared to
the corresponding results from the lab-based system, as shown
in Fig. 11. Typical graphs present the KAM curves during
the stance phase from one of the test trials. The solid blue
line represents the reference KAM waveforms calculated by
the motion capture system, and the red dashed line refers
to the predicted KAM waveforms estimated by the neural
network model. It can be seen that the KAM curves of six
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Fig. 11. Average KAM curve of 5 elderly patients in normal gait (solid line)
and toe-in gait (dotted line).

TABLE IV

COMPARISON OF THE PREDICTED AND REFERENCE INDIVIDUAL KAM
CURVES IN NATURAL GAIT AND POST-TRAINING GAIT

subjects predicted by the neural network model were compared
with the reference KAM curves. The time-axis ranges from
heel-strike to toe-off, where 0% represents heel-strike, and
100% represents toe-off. The magnitudes and profiles of the
predicted KAM curves were similar to those of the reference
curves. Moreover, the predicted KAM curve (red dashed line)
shows that the first peak KAM for each subject (excluding
subject 4) before and after training decreased. In table 4,
the mean and standard deviation values for the correlation
coefficient (R) and RMSE of the predicted and reference
individual KAM curves are given in rows. The average Pearson
correlation coefficient and RMSE for all test trials were above
0.90 and at a maximum of 0.37 N∗m/(kg∗m), respectively.

V. DISCUSSION

In this paper, we present the design of a wearable sensing
and training system and investigate its training effectiveness
and potential to estimate the variation trend in KAM towards
elderly KOA patients. Regarding the results of wearable sens-
ing and gait training test, the gait type of the subjects varied
as expected through the real-time haptic feedback based on
the z-axis angle sensing scheme. And the first peak KAM of
all subjects during early stance substantially decreased to a
certain extent after gait training, except for the 4th subject.
Fig. 8 demonstrates that participants walked with a mean FPA
value of negative 13.06° after gait training trials. An average
decrease of 23.59° in FPA was found (p < 0.01). In addition,
comparing the data in post-training gait with those in natural
gait (excluding subject 4), an average decrease of 24.63% in
the first peak KAM was identified (p < 0.01) (Fig. 9).

Most of the previous study on gait training system towards
KOA achieve different degrees of training effect. In [10]
and [12], with wearable haptic feedback devices, such as vibra-
tion motors and rotational skin stretch, a 13% KAM reduction
and 29–48% KAM reductions were identified, respectively.
In [11], participants were trained to alter the FPA of their study
limb with a real-time visual biofeedback system, a resultant
7.0% reduction in early stance peak KAM was achieved in
an average 9.7° of toe-in gait. However, as a limitation,
the previous gait training systems were not a completely
portable system, which still depended on the motion capture
system to monitor the variation of gait parameters during gait
training trial. As an improvement to the present researches
above, we used a single 3D motion sensor mounted on the
instep to sense the variation of foot orientation. Real-time
haptic feedback was computed based on the z-axis data of
the instep-mounted motion sensor during the stance phase.
Specifically, pilot testing demonstrated that the z-axis data
is related to the gait pattern and varies with the gait type.
With the z-axis angle-based sensing method, we realized
monitoring the gait type without using a lab-based system,
which hasn’t been realized by the previous works [10]–[12].
What’s more, as for the training effect of our wearable gait
training unit, the 24.63% reduction in early stance peak KAM
is a significant reduction when compared with those works
above [10]–[12]. Meanwhile, from the perspective of the
clinical treatment for KOA, the 24.63% reduction is smaller
than the mean decreases for surgeries such as medial high
tibial osteotomy (47.8% reduction) [21] and six months after
surgery (57.6% reduction) [22]. Nevertheless, it is comparable
to the change in KAM for certain nonsurgical treatments:
variable stiffness shoes (6% reduction) [23], lateral wedge
insoles (9% reduction) [24], and valgus braces (approximately
10% reduction) [25]. Particularly, for subject 4, although the
gait pattern was varied as expected, the first peak KAM
increased unexpectedly. As described in [9], modifying gait
variables can induce involuntary secondary changes in other
gait variables, such as step width and trunk sway, which
cancel and negate the expected benefit of reducing the KAM.
This study shows that for subject 4, it is probable that other
biomechanical changes induced by the altered gait caused
the increase of the first peak KAM. Thus, the experimental
procedure should be designed to limit these changes in future
work. Overall, the results proved that altering gait type with
the wearable gait training unit produced significant reductions
in the first peak of the KAM during the early stance phase.
This phenomenon also supports the conclusion of previous
studies that toe-in gait reduces the first peak of the KAM
in patients with KOA [26], [27]. The changes of FPA and
first peak KAM between natural gait and altered gait were
statistically significant, and the magnitudes demonstrate that
the wearable gait training unit can potentially be used for the
clinical treatment of KOA in daily life.

As for the results of wearable KAM-measurement test,
as shown in table 4, the predicted KAM curves estimated by
the wearable measurement module showed a fine consistency
with the reference KAM curves calculated by the motion cap-
ture system with an average correlation coefficient over 0.90.
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The average RMSE did not exceed 0.37 N∗m/(kg∗m). Due to
the nonlinearities and hysteresis of the inexpensive PSECR
sensor, highly precise measurement for KAM is hard to
achieve as obtained in a motion laboratory. Nevertheless, the
finding from the wearable KAM-measurement test that the
first peak KAM significantly decreased after gait modification
is in agreement with the phenomenon acquired from the
motion capture system that was marked by the blue line.
It demonstrated that for the application, differentiating the
variation change in KAM before and after gait training, our
wearable measurement module can be equally effective like a
lab-based system. The advantage of wearable measurement
module over a lab-based system is portability. Meanwhile,
compared with the existing study, our wearable measurement
module has achieved comparable accuracy given the limitation
of the nonlinearities and hysteresis.

In a previous study related to kinetic measurements of
gait [28], an insole-based gait analysis system was also used
to predict KAM based on a linear regression model. The
predicted results for the KAM were less highly correlated
(generally ≤ 0.84) in comparison with motion analysis data.
This prediction accuracy is not better than the results in our
study. Because this linear model is less accurate for mapping
the highly nonlinear relationship between plantar pressure
and joint torques at the knee. In comparison, the neural
network model with a backpropagation algorithm is a feasible
technique for estimating knee joint torque. As illustrated
in [16] and [18], the correlation coefficients between predicted
and measured torque during walking and vertical jump were
greater than 0.95. In comparison, it has a higher predic-
tion accuracy. However, those neural network models were
developed based on the ground reaction force measured from
stationary force plates and cannot be easily implemented
for gait rehabilitation of elderly KOA patients in daily life.
Overall, our tests show that plantar pressure measured by
the wearable measurement module, when combined with the
neural network, can predict the variation trend in KAM with
appropriate precision for knee rehabilitation evaluation. Fur-
thermore, our wearable measurement module has the potential
to evaluate the rehabilitation efficacy for elderly KOA patients
in everyday life.

Additionally, there are limitations to this preliminary study.
One limitation in this study is that subjects performed toe-in
gait over a relatively short time. It is unknown whether
treatment effects can be maintained in the long term. In [29],
the influence of a six-week gait retraining program on the
KAM was examined. The KAM and many other key indexes
were re-assessed, during the post-training session and at
the one-month follow-up. The potential radiographic changes
resulting from altered gait patterns were detected in the
long-term follow-up assessment. The more and longer tests,
the more the results should reflect the real performance of the
wearable device. Therefore, if experimental conditions permit,
long-term training effects of our wearable gait train unit should
be tested more thoroughly in subsequent studies. Another
limitation is that the PSECR sensors are accompanied with the
nonlinear hysteresis characteristic which limits the increase on
plantar pressure measurement accuracy and makes calculating

Fig. 12. Typical graphs of the KAM curve for six subjects in natural gait
and post-training gait (red dashed line, the predicted KAM curve; blue line,
the reference curve). The left picture for each subject shows the KAM curve
in normal gait and the right one for the post-training gait.

KAM accurately difficult. Meanwhile, regarding the lifetime
limitations of the wearable measurement unit, the sensor
changes due to its hysteresis characteristic make the long-term



5944 IEEE SENSORS JOURNAL, VOL. 19, NO. 14, JULY 15, 2019

monitoring challenging. Therefore, to improve the prediction
accuracy of KAM, the nonlinear hysteresis characteristic of
force sensor should be considered in the design of the wearable
device.

Meanwhile, the input parameter of the neural network model
is confined to the ground reaction force measured by six
pressure sensors, which may decrease the prediction power
of the model. As illustrated in [16] and [18], in addition to
the ground reaction force, more kinematic parameters relative
to the KAM were used as inputs of the neural network
model. Variables such as displacement and velocity contain
necessary information for the model to predict the KAM
during walking. Motion sensors, which are used to measure the
position and orientation of lower-limb segments, should also
be considered in the design of a wearable system to improve
the measurement accuracy of the KAM. Additionally, larger
datasets are required for training ANN models. The results
should be tested with another sample. Therefore, in future
work, the predicted model needs to be designed with more of
the relevant features mentioned above and tested with samples
collected from a wide variety of patients.

VI. CONCLUSION

A wearable sensing and training system was developed by
integrating a gait-training module with a measurement module
to train the gait pattern and predict the changes in KAM during
walking trials. To investigate the feasibility of the system and
its potential towards application in the gait rehabilitation of
elderly patients with KOA, six elderly patients were required to
walk with the wearable sensing and training device under the
designed experimental protocol. After the gait training trials,
the FPA of the subjects decreased by 23.59° compared with
that for natural gait, and an average reduction of 24.63% in
early stance peak KAM was found. The experiment results
supported our hypothesis that the z-axis angle-based sensing
and training method was effective in reducing the KAM by
modifying the gait of elderly KOA subjects.

At the same time, the wearable system based on mea-
surements from six PSECR sensors predicts the variation in
the KAM curve during walking trials. The mean correlation
coefficient and RMSE between the predicted and reference
individual KAM curves were above 0.90 and at a maximum
of 0.37 N∗m/(kg∗m), respectively. The amplitudes and pat-
terns of the predicted KAM curves were similar to those of
the reference curves. For lower-limb rehabilitation evaluation,
the system holds potential as a substitute for the motion
capture system to assess the training effect in daily life.
Moreover, future studies will need to investigate the long-
term effect of the developed system when operating outside
a laboratory setting. For clinical applications, more elderly
patients with KOA should be involved in future experiments.
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