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Abstract: Gait instability is critical in medicine and healthcare, as it has associations with balance
disorder and physical impairment. With the development of sensor technology, despite the fact that
numerous wearable gait detection and recognition systems have been designed to monitor users’ gait
patterns, they commonly spend a lot of time and effort to extract gait metrics from signal data. This
study aims to design an artificial intelligence-empowered and economic-friendly gait monitoring
system. A pair of intelligent shoes with a single inertial sensor and a smartphone application were
developed as a gait monitoring system to detect users’ gait cycle, stand phase time, swing phase
time, stride length, and foot clearance. We recruited 30 participants (24.09 ± 1.89 years) to collect
gait data and used the Vicon motion capture system to verify the accuracy of the gait metrics. The
results show that the gait monitoring system performs better on the assessment of the gait metrics.
The accuracy of stride length and foot clearance is 96.17% and 92.07%, respectively. The artificial
intelligence-empowered gait monitoring system holds promising potential for improving gait analysis
and monitoring in the medical and healthcare fields.

Keywords: gait monitoring; sensor; wearable system; healthcare; artificial intelligence algorithm

1. Introduction

Walking is an essential activity in human daily life, and gait parameters are commonly
used to diagnose clinical diseases and are suggested as critical factors in assessing human
mobility [1]. Temporal and spatial gait parameters, in particular, are widely used to evaluate
gait impairments caused by aging, physical injury, and neurological disorders, such as
cerebellar ataxia, Alzheimer’s disease, and Parkinson’s disease [2,3]. For example, gait
speed is normally suggested as a significant indicator to estimate future health status and
mobility [4]. Moreover, gait variability relating to the change in stride-to-stride fluctuations
is verified to be more effective than gait speed in indicating gait impairment [5]. In
the investigation of fall risk among older adults, foot clearance is used as an essential
indicator to predict fall risk [6,7]. Insufficient foot clearance is the cause of tripping in
daily walking and going up and down stairs [8]. Except for pathological diagnosis and
health management, gait parameters are also widely analyzed in exercise training. The
force features of foot–ground contact are commonly used to deepen the understanding
of the difference between Tai Chi Chuan and normal gait patterns, thereby prompting
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the application of Tai Chi Chuan in rehabilitation and fall prevention [9]. Therefore,
understanding the real-time gait pattern can help monitor physical health and prevent falls.

Gait monitoring systems have evolved significantly over the past few decades, with
various methods being developed to capture gait parameters in different environments.
Traditional gait monitoring systems, such as optical motion capture systems and force
plates [10,11], are considered gold standards for gait analysis. However, due to the need
for expensive equipment and controlled conditions, they are limited to laboratory settings
and are not available for natural gait monitoring during daily activities [12]. Although
video-based gait monitoring systems offer a non-invasive alternative for daily motion
tracking [13], they are commonly affected by external factors like lighting and camera
angles. With the advances in microelectronics, wireless communication, and flexible sensor
technology [14,15], wearable sensors, such as accelerometers [12], gyroscopes [16], and
flexible strain sensors [17], allow for portable, real-time gait monitoring in daily activities.
Particularly, inertial sensors, including accelerometers and gyroscopes, are widely inte-
grated into smart garment-based gait monitoring systems to enable the continuous tracking
of gait parameters like foot clearance and stride length [18]. However, inertial sensor-based
gait monitoring systems typically estimate displacement-related gait parameters using the
double integration of acceleration signals [19], leading to cumulative errors and orientation
inaccuracies. These errors contribute to significant discrepancies in spatial gait parameters
like stride length, walking width, and foot clearance [20–22].

To improve the accuracy of spatial gait parameters, numerous studies have proposed
different filters to reduce drift in inertial sensor signals [23–25]. Moreover, miniature range
sensors without accumulative error were combined with inertial sensors to obtain better
performance in foot clearance estimation [26–28]. Despite the effectiveness of the above
methods, they often rely on a flat floor assumption and increase system complexity, limiting
their practical application. Recently, artificial intelligence (AI) algorithms, particularly
extreme learning machines (ELMs), have been combined with inertial sensors to diagnose
cerebral palsy gait and recognize biometric gait patterns [29,30]. Although the ELM algo-
rithm presents potential in gait classification, its performance in gait monitoring systems
remains uncertain.

In this context, we aimed to introduce the ELM algorithm and develop an artificial
intelligence-empowered gait monitoring system with a single inertial sensor. In detail,
the system calculated gait parameters (e.g., stand phase time (TSP), swing phase time
(TSW), gait cycle (T), stride length, and foot clearance) from raw collected data. The
ELM algorithm was then used to improve the accuracy of the calculated parameters.
The feasibility of the system was evaluated by the Vicon motion capture system. The
proposed gait monitoring system provide a non-invasive, wearable, and seamless solution
for daily gait monitoring, leveraging people’s natural clothing habits to provide continuous,
unobtrusive motion tracking.

2. Methods
2.1. Gait Monitoring System Design

In previous investigations of gait analysis, scholars have tried to attach sensors to the
torso, waist, legs, instep, ankle, and so on [31]. Most sensors were put on the lower body
or feet. In this study, we embedded the inertial sensor into the heel position of shoes to
capture gait motion and foot clearance (see Figure 1). Since sports shoes have the function
of shock absorption, support, and protection, they are reasonable for daily exercise and
long-time walking. Therefore, this study focuses on sports shoes as the object to develop
the gait monitoring system [32], as shown in Figure 1a. The axial direction of the sensor
was perpendicular to the ground [31].

The data collection part of the hardware system was integrated with a microcomputer,
Bluetooth, and an MPU-6050 sensor, including a three-axis accelerometer, a three-axis
gyroscope, and other signal feedback electronic components. According to the requirements
of the user manual of the sensor and Bluetooth, a 3.7V lithium battery was used to provide
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power for the hardware system. Additionally, we also developed application interfaces to
present the analyzed gait metrics and signals, as shown in Figure 1b.
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2.2. Evaluation Experiment
2.2.1. Three-Dimensional Motion Capture Setting

The Vicon optical motion capture system (Oxford, Oxford Metric, UK) was used in
this experiment to collect the lower body motion data and evaluate the accuracy of the gait
monitoring system. According to the experimental requirements and gait parameters, ten
reflective markers were pasted on participants’ bodies, and the definition and illustration
of the ten points are shown in Table 1 and Figure 2, respectively.
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Table 1. The definitions of the marker positions.

Marker Description Definition Marker Description Definition

LL1 Left greater trochanter The most lateral
prominence of the left
greater trochanter

RL1 Right greater trochanter The most lateral
prominence of the
right greater
trochanter

LL2 Left lateral
femoral epicondyle

The most lateral
prominence of the left
lateral femoral
epicondyle

RL2 Right lateral
femoral epicondyle

The most lateral
prominence of the
right lateral femoral
epicondyle

LFM Left heel Left posterior
calcaneus

RFM Right heel Right posterior
calcaneus

LFB Left lateral malleolus The lateral
prominence of the left
lateral tibial malleolus

RFB Right lateral malleolus The lateral prominence
of the right lateral
tibial malleolus

LFF Left 2nd metatarsal head The dorsal aspect of
the left second
metatarsal head

RFF Right 2nd metatarsal head The dorsal aspect of
the right second
metatarsal head
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Figure 2. The position of the markers.

Among the ten marker points, RFB/LFB and RFF/LFF are important points for the
division of gait phases. The other marker points represent the lower limb nodes, which are
the keys to establishing the lower limb model.

2.2.2. Subjects and Data Collection

Thirty participants (24.09 ± 1.89 years, female = 15) were recruited in this experiment.
All participants involved in this study signed written informed consent forms. This ex-
periment was carried out in a quiet, windless laboratory, with a temperature of 25 ± 2 ◦C
and relative humidity of 65 ± 3%. The subjects were asked to walk on a treadmill with
tight-fitting athletic pants. Before the formal experiment, the participants were asked to
walk on the treadmill for 3 min according to their walking habits. Then, a professional
tester pasted high-reflection markers on the surface of their body according to Table 2.
The Vicon system was calibrated before this experiment began. Finally, the Vicon motion
capture system and gait monitoring system were used to collect gait data synchronously.
Firstly, the subjects stood naturally on a treadmill, and the static data of 10 s were collected.
After collecting the static data, one minute of walking data was collected. Each experiment
was conducted 3 times with an interval of 5 min.
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Table 2. Temporal gait parameter unit: s.

Gait Cycle
Female Male

Tsp Tsw T Tsp Tsw T

1 0.81 0.40 1.21 0.85 0.41 1.26
2 0.82 0.37 1.19 0.85 0.41 1.26

. . . . . . . . . . . . . . . . . . . . .
1620 0.78 0.43 1.21 0.83 0.39 1.22

Mean 0.82 0.40 1.21 0.81 0.39 1.20
Max 0.87 0.48 1.31 0.88 0.43 1.28
Min 0.69 0.31 1.09 0.69 0.34 1.07

The proposed gait monitoring system collected the raw data of triaxial (anterior–
posterior direction, medio-lateral direction, vertical direction) acceleration, angle, and
angular velocity, while the Vicon optical motion capture system recorded the triaxial
coordinate of ten markers.

2.3. Data Processing

The relative limb angle (RLA) method was used to define the gait cycle in this research.
A complete gait cycle was defined as the time period from the initial contact of the left foot
to the next initial contact of the left foot. Before the division of the gait cycles, the original
data were tested for missing values and outliers. For the Vicon system, marker points may
be blocked by the treadmill and limbs during human motion, and this fact results in the
abnormality and lack of coordinate data. While there are no missing phenomena in the
signals of the smart shoes, there are some abnormal data among them. These data will
cause a large error if they are used to estimate the gait parameters directly.

Missing values and outliers were tested for the coordinate data of lower limbs collected
by Vicon. Herein, the amplitude of acceleration, angular velocity, and joint angle was
used to analyze the outlier of the signals obtained from the smart shoes. The amplitude
that was smaller than the first quartile (1.5interquartile range) or larger than the third
quartile + (1.5interquartile range) were considered as outliers [32]. Gait cycles with missing
values and outliers were simultaneously deleted from the data collected by Vicon and smart
shoes. A total of 54 gait cycles were analyzed for each subject, and a total of 1620 gait cycles
were gained.

2.4. Prediction Model

Recently, artificial intelligence algorithms have been widely used for human motion
prediction [33,34]. With reasonable training, neural networks have the ability to obtain
real-time simulation and estimation for complex human actions like gait. For the issue of
reduced generalization performance and overtraining in the conventional feed-forward
neural network, Huang et al. proposed an extreme learning machine algorithm (ELM)
based on Moor–Penrose (MP) generalized inverse matrix theory [35], and its topological
structure is shown in Figure 3. In this algorithm, input layer weight and hidden layer bias
are randomly selected, and only two hidden layer parameters (activation function and the
number of neurons) are set during operation to obtain the optimal solution. This method
has the advantages of fewer training parameters, strong generalization ability, and fast
learning speed, so it is widely used in data prediction and recognition in multiple fields.

Suppose the training set sample is (Xi, ti), Xi = [xi1, xi2, · · · xin]
T ∈ Rn, and

ti = [ti1, ti2, · · · tim]
T ∈ Rm. The equation of a single-hidden-layer neural network (hid-

den layer node is L) is expressed as

L

∑
i=1

βig
(
Wi · Xj + bi

)
= oj, j = 1, · · · , N (1)
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where bi is the bias of the i hidden layer unit; βi is the output weight; g(x) represents
the activation function, usually including sig, sin, hardlim, and three other functions
Hβ = T [35]. Wi = [wi,1, wi,2, · · ·wi,n]

T is the input weight; Wi · Xi indicates the inner
product of Wi and Xi.
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In order to minimize the output error of a single-hidden-layer neural network, the
following is calculated:

N

∑
j=1

∥∥oj − tj
∥∥ = 0 (2)

where βi, Wi, and bi make Equation (1), which can be expressed as Hβ = T. T is the
expected output, H is the output of the hidden layer node, and β is the output weight:

H(W1, · · ·WL, b1, · · · bL, X1 · · · XL) =

 g(W1 · X1 + b1) · · · g(WL · X1 + bL)
... · · ·

...
g(W1 · XN + b1) · · · g(WL · XN + bL)


N×L

(3)

β =

βT
1
...

βT
L


L×m

T =

TT
1
...

TT
L


N×m

(4)

Then,
∧

Wi,
∧
bi, and

∧
βi are obtained for training a single-hidden-layer neural network:∥∥∥∥H
( ∧

Wi,
∧
bi

)∧
βi − T

∥∥∥∥ = min
W,b,β

∥H(Wi, bi)βi − T∥ (5)

i = 1, 2, · · · L, which is the Loss minimization function:

E =
N

∑
j=1

(
L

∑
i=1

βig
(
Wi · Xj + bi

)
− tj

)2

(6)

According to the above calculation process, the network training of the extreme
learning machine is transformed into a linear system Hβ = T [35].

The prediction model of gait spatial parameters was built by MATLAB R2021a based
on the ELM algorithm. In this study, the spatial parameters of gait include stride length
and foot clearance. Due to the large difference between the two values, prediction models
were established for the two gait parameters to improve the prediction accuracy of the
model, as shown in Figure 4.
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Stand phase time, swing phase time, gait cycle, and stride length measured by smart
shoes were the input layer of the stride length enhanced model, with a total of 4 nodes.
The real stride length measured by the Vicon system was taken as the output layer. As for
the number of neurons in the hidden layer and activation function of the gait parameter
correction model, there are differences in parameter setting among different types of data
sets. And there is no standard setting method. Therefore, the determination coefficient (R2)
of the step size prediction model was taken as the evaluation index, and the trial-and-error
method was adopted to obtain relatively optimal hidden layer parameters.

Firstly, according to empirical Equation (7) [36], the number of neurons in the hidden
layer is 3~12:

L =
√

n + m + a (7)

where L, n, and m are the number of neurons in the hidden layer, input layer, and output
layer, respectively. a is a constant between 1 and 10.

However, to improve the accuracy of the model, this study expanded the scope of
the trial-and-error method. The number of neurons in the hidden layer was set as 5, and
then the difference was increased to 50 to obtain the R2 of the model under the sig, sin, and
hardlim activation functions.

3. Results and Discussion
3.1. Phase Division of Gait Cycle

According to the human lower limb model captured by the Vicon system, the main
features of the lower limb model in a complete gait cycle were intercepted by combining
the RLA time phase division method, as shown in Figure 5.

When the gait is divided according to the motion characteristics of one leg, the heel
contact (HC) event is taken as the starting point of the gait cycle, and the foot will be
completely flat (FL) after a short time. Then, the weight of the body moves noticeably
towards the right leg and pushes the body forward, which is called mid-standing (MS).
From the occurrence of the heel lifting (HF) event, the gait begins to enter the end of the
standing phase, until the occurrence of the toe off the ground (TF) event. At this time, the
support phase of the gait cycle ends, and the gait enters the swing phase. The swing phase
can be divided into pre-swing (PS), initial swing (IS), middle swing (MW), and terminal
swing (TS). PS and TS are equivalent to the TF and HC events, while IS and MW are the
processes of the swing phase. The human foot movement is accelerated during IS, while it
is the opposite during MS. As far as healthy people are concerned, the gait characteristics of
both feet are symmetrical [37]. Therefore, this work only focuses on the gait phase division
of the left foot.
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After the phase division of gait, it is necessary to correlate this with the data signal
features of the two gait acquisition systems so as to realize the extraction of the spatial–
temporal parameters of gait. The gait was divided by the motion track of the heel LFB
and toe LFF in the vertical direction. The characteristic point corresponding to the heel
touching (HC) event is the lowest point of LFB on the Z-axis, and the characteristic point
corresponding to the toe off the ground (TF) event is the lowest point of LFF on the Z-axis
(see Figure 6).
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The vertical motion signals of the LFB and LFF points in a gait cycle were extracted
based on the Vicon system time-series data. The signal was compared with acceleration,
angular velocity, and angle signals collected by smart shoes, and the gait characteristic point
information contained in these three sensor signals was analyzed, as shown in Figure 6.

Figure 6 shows that acceleration signals contain more waveform noises than angular
velocity and angle signals. The reason for this is that the accelerometer is more sensitive
to vibration, and the shorter the impact time, the more the impact acceleration noise.
Therefore, for the events that occurred in the process of foot movement, the characteristics
of the acceleration curve are not obvious, and there is no clear pattern. However, the
characteristics of acceleration signals during the static state of the foot are more stable than
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those of the other two sensors and can detect the occurred moment of FL and HF events.
HC and TF events can be judged according to the extreme point characteristics of Y-axis
angular velocity.

According to the motion characteristics of the feet, a complete gait can be clearly
divided into four stages, which was shown as a color module in Figure 6. The first stage is
from the HC event to the FL event; the characteristic points corresponding to the HC event
are the lowest point of LFB in the Z-axis direction and the maximum point with a small
angular velocity in the Y-axis direction. The characteristic points corresponding to the FL
event are the moments when the three axial acceleration values all tend to zero. The second
stage is the MS process, that is, the static state of the foot from the FL event to the HF event.
The characteristic points corresponding to the HF event are the moments when the three
axial acceleration values change from zero. The third stage is from the HF event to the TF
event. The TF event corresponds to the lowest point of LFF in the Z-axis direction and the
maximum point of angular velocity in the Y-axis direction. The first three stages all belong
to the stance phase of gait. The fourth stage is the swing phase of gait, starting from the TF
event to the HC event.

3.2. Temporal and Spatial Gait Parameters

After dividing the stance phase and swing phase, the gait cycle (T), stand phase time
(TSP), and swing phase time (TSW) can be calculated according to the characteristic point
moments of HC and TF events. Since the occurrence time of the characteristic points of
gait is obtained, and events are consistent in sensor signals and Vicon system observation
curves, the proposed gait monitoring system can accurately extract the gait time parameters.
Suppose that the HC event and TF event occur at tHC(k) and tTF(k) in the k gait cycle.

Taking the HC event as the starting point of the gait cycle, the gait cycle T(k) of the k
cycle is as follows:

T(k) = tHC(k + 1) − tHC(k) (8)

The TSP(k) of the stand phase in the k cycle is as follows:

TSP(k) = tTF(k) − tHC(k) (9)

The TSW(k) of the swing phase in the k cycle is as follows:

TSW(k) = tHC(k + 1) − tTF(k) (10)

After calculation, the temporal gait parameters are shown in Table 2.
The gait cycle of males is longer than that of females, and the time difference between

the two is mainly reflected in the duration of the support phase. Therefore, it is speculated
that the change in gait cycle is mainly caused by the stand phase, which may be because the
proportion of the stand phase is relatively large, while the proportion of the swing phase is
relatively small.

The stride length generally refers to the distance between the landing sites of both
feet. However, since subjects who exercise on a treadmill with smart shoes only had data
collected on the gait of the left foot, the movement displacement of the same foot in a gait
cycle was adopted to define the stride length.

The methods of stride length extraction in the two gait measurement systems are
different. The data collected by the Vicon system recorded the movement track of marker
points in three-dimensional space. According to the projection of LFB and RFB on the X-Y
plane, the motion characteristics of the feet can be obtained, as shown in Figure 7. Since the
movement on the treadmill is relative, the feet show a back-and-forth trajectory, with the
length up the X-axis representing the stride length.
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Figure 7. The trajectory of the feet in the X-Y plane.

The stride length can be extracted from the acceleration signal of the gait monitoring
system in the human body’s forward direction, and the speed variable can be obtained by
integrating acceleration, and then the stride length parameter can be obtained by integrating
speed. However, the velocity needs to be treated with the zero-velocity correction method
before it can be integrated again, so as to obtain a more accurate displacement.

The stride length and foot clearance are checked for normal distribution and analyzed
for differences between the Vicon system and gait monitoring system. The Mann–Whitney
U test is adopted to detect the difference in stride length and foot clearance. The results are
shown in Figure 8.
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is very high).
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As shown in Figure 8, the spatial gait parameters extracted from the two systems
have strong differences, which indicates that the original calculated parameters of the gait
monitoring system cannot achieve the accuracy of the Vicon system. It is thus necessary to
employ algorithms to enhance the accuracy of the extracted stride length and foot clearance.

3.3. The Prediction of the Spatial Gait Parameters

The number of neurons in the hidden layer was set to five first, and then the difference
was increased to 50 to obtain the R2 of the model under the activation functions of sig, sin,
and hardlim. The results are shown in Table 3.

Table 3. The R2 of stride length predicted ELM model.

The Number of Neurons sig sin Hardlim

5 0.7749 0.7009 0.0012
10 0.9044 0.8879 0.2328
15 0.8966 0.8730 0.2521
20 0.9168 0.8859 0.1980
25 0.9270 0.9091 0.7584
30 0.9571 0.9257 0.7559
35 0.9551 0.9403 0.6977
40 0.9588 0.9498 0.7832
45 0.9543 0.9390 0.6076
50 0.9300 0.9390 0.8244

As can be seen from Table 3, when the number of neurons is 40, the stride length pre-
diction model under the three activation functions reach the maximum R2. The larger
R2 is, the higher the prediction accuracy of the model is. When the activation func-
tion is ‘sig’, the performance of the stride length prediction model is relatively the best
(R2 = 0.9588). Therefore, the topological structure of the prediction model is finally deter-
mined as 4-40-1, and the activation function is ‘sig’.

After the model parameters were determined, the stride length prediction model was
constructed. Firstly, the training set and test set of the gait parameter prediction model were
randomly selected. The sample set includes 1620 sets of data, among which the training set
accounts for 94% and the test set for 6%. Then, the sample data were normalized. After that,
the training set samples were sent to the network input layer and output layer to train the
model. Finally, based on the trained ELM gait parameter prediction model, the simulation
prediction of the test set samples was carried out.

The prediction model of foot clearance only needs to replace the stride length param-
eter with foot clearance, and the topological structure of the model remains unchanged.
With the R2 and mean square error (MSE) as the accuracy evaluation indexes of the gait
parameter prediction model, the calculation equation is as follows.

R2 = 1 −

m
∑

i=1

(
x(i) − x

′′(i)
)2

m
∑

i=1

(
x′′(i) − x′′

)2
(11)

MSE =
1
m

m

∑
i=1

(
x(i) − x

′′(i)
)2

(12)

where m represents the number of test sets; x(i) represents the true value of gait parameters,
which is the measured value of the Vicon system; x

′′(i) represents the predicted values of
gait parameters by the prediction model; x′′ represents the average predicted value of gait
parameters. After calculation, the results are shown in Figures 9 and 10.
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Figure 10. The predicted value of foot clearance.

As can be seen from Figure 10, for the test set sample, the evaluation index R2 of this
research model reached 96.17%, and the MSE was 0.0003. Therefore, the gait parameter
prediction model based on the ELM algorithm can effectively predict the real stride length
according to the gait space–time parameters detected by the gait monitoring system. By
observing the numerical difference between the predicted value and the real value, it can
be found that the predicted value of stride length is mostly larger than the real value.

As can be seen from Figure 10, the R2 value of the test set sample is 92.07% in terms of
foot clearance, 4.10% less than the stride length. However, the MSE of this model is 0.0001,
so the ELM algorithm also has a good predicted effect on foot clearance. Contrary to the
stride length, the predicted value of foot clearance is less than the real value.

While this study demonstrated the proposed system’s efficacy in a controlled labora-
tory environment, additional testing in various real-world settings (e.g., outdoor, uneven
terrain, and different weather conditions) is necessary to fully validate the developed gait
monitoring system’s environmental adaptability. Future work should include tests across
diverse environments to assess the system’s performance under varying conditions, such as
temperature, humidity, and surface types, ensuring the system’s robustness and accuracy
in daily scenarios.
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4. Conclusions

An artificial intelligence-empowered gait monitoring system was developed based on a
single inertial sensor to estimate the gait parameters in this paper. To evaluate the reliability
of the system, temporal and spatial gait parameters, including the gait cycle, stand phase
time, swing phase time, stride length, and foot clearance, were extracted from the data
collected by the Vicon motion capture system and the proposed system, respectively. It was
found that the proposed system can efficiently estimate temporal parameters. Although
there are some errors in the original estimation of spatial gait parameters in the proposed
system, the accuracy of stride length and foot clearance can be enhanced by the established
prediction model. The R2 of the prediction model based on an extreme learning machine
are all more than 90%, and the MSEs are all less than 0.001. Since the temporal and spatial
gait parameters can reflect gait representation in human walking and are the key indicators
to detect abnormal gait, the proposed gait monitoring system has the potential to monitor
and provide early warnings if an abnormal daily gait is detected.
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