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ABSTRACT This study evaluates the capability of a single inertial sensor based joint angles estimation
during four different walking patterns in an outdoor setting. The sensor was placed on the upper part of
the tibia, which was chosen due to its large range of motion and minimal foot-ground impact. A Bi-LSTM
(bidirectional long short-termmemory) data-driven approach was used for joint angle estimation. The results
showed smaller errors in intra-subject angle estimation compared to inter-subject, with an average MAE
(mean absolute error) of 2.11◦ to 3.65◦. The study suggests that deep learning approaches can effectively
process data from a single IMU (inertial measurement unit) for accurate human motion monitoring, reducing
the need for multiple sensors. Despite using only one sensor and four different walking patterns (zigzag,
sideways, backward, and ramp walking), our method achieved similar results to previous studies that used
single-motion activities. This study, conducted outdoors without instructing participants, is a step closer
to real-world application, potentially providing insights into lower body biomechanics in physiotherapy,
mobility improvement progress after surgery, and aiding in the development of personalized exoskeleton
robots.

INDEX TERMS Deep learning, inertial sensor, joint angle estimation, pose estimation.

I. INTRODUCTION
The study and measurement of human motion and its
characteristics is crucial for various scientific and medical
applications. This includes healthcare applications where
clinicians identify movement abnormalities, monitor reha-
bilitation progress, and pathological treatment effects [1],
[2]. It is also essential to understand the impact of various
disorders on a person’s gait. For instance, musculoskeletal
disorders such as knee and hip osteoarthritis can significantly
alter a person’s gait, leading to discomfort and reduced
mobility [3]. Similarly, neurological disorders like Parkin-
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son’s disease can cause distinctive gait abnormalities, which
can be used for early diagnosis and treatment planning [4].
It can also help neuroscientists to study the connection
between the human brain and movement [5]. Additionally,
it can be essential for sports experts and physiologists to
investigate metabolic performances [6], injury prevention
[7], [8], and athletic technique improvements [9], [10].
Moreover, the study of human motion can help engineers
design user-friendly prosthetics, exoskeletons, and other
assistive robots [11], [12], [13]. Beyond this, it can also be
useful in virtual reality and animation applications [14]. This
demonstrates how fundamental human motion study is for a
wide range of applications, mainly in healthcare and science
areas.
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Different humanmotion analysismethods have been devel-
oped in recent years. These include human pose estimation
[15], [16], [17], joint angle estimation [18], and gait analysis
[19]. In this study, the focus will be on estimating lower-limb
joint rotation angles. Joint angle estimation makes up one
of the two main human gait parameter categories, whereas
the other category comprises spatiotemporal parameters such
as gait phase and step length [2]. Hence, leg joint angle
estimation can be extended to human pose estimation, which
in return could be utilized in computing leg kinematics
and gait analysis. Hence, joint angles serve as a critical
parameter in understanding humanmovement and diagnosing
movement disorders [20].
Vision-based and non-vision-based human motion-data

collection systems have evolved over the years in terms
of size, performance, and mobility. Traditionally, vision-
based sensor methods, particularly marker-based 3D motion
capture systems, have been the industry standard human
motionmeasurement and analysis methods [21]. The subjects
were required to wear a special suit with markers attached
to it. Despite its excellent accuracy in human motion
measurement, it has its weak sides, which include being
limited only to indoor spaces, affected by occlusions and
ambient lighting, and high prices. On top of that, tight suits
and several markers could make the wearer uncomfortable,
which may alter the natural motion pattern [22]. To address
the second issue, markerless pose estimation techniques
surfaced in the human motion study area with the potential
to facilitate human motion study without the need for special
markers and suits. Even though marker-less and vision-
based methods are limited to laboratory environments, they
have emerged as significant pose estimation technologies in
recent years. Some of the popular deep-learning-based pose
estimation methods include OpenPose [17], AlphaPose [15],
and DeepLabCut [16].

Marker-based motion measurement systems provide
highly accurate measurements; however, they are expensive,
require a controlled laboratory environment, and limit the
naturalness of the movements. Non-vision wearable sensors,
however, can be used in any environment, making them a
promising tool for out-of-lab gait analysis. Recently, such
sensors have brought a paradigm shift in human motion
analysis, providing smaller sizes and better mobility. These
sensors have attracted the attention of many researchers in the
area as convenient motion measurement system techniques.
Non-vision wearable sensors include sensors such as pressure
sensors [23], [24], inertial sensors [18], [25], [26], [27], [28],
and EMG (Electromyography) [29], [30]. Insole sensors can
measure plantar pressure distribution during gait and can be
used to estimate foot kinetics. However, insole sensors are
limited to measuring only the forces acting on the foot and
cannot provide information about the orientation or motion
of other body segments. In contrast, EMG sensors measure
muscle activity by detecting the electrical signals generated
bymuscle contraction. EMG sensors can provide information
about muscle activation patterns during movement but cannot

provide information about joint kinematics or kinetics.
Inertial measurement units (IMUs), on the other hand, are
advantageous over electromyography (EMG) and insole
sensors in that they can provide more accurate and reliable
data for human motion analysis as IMUs can measure
the orientation, angular velocity, and acceleration of body
segments, which can be used to estimate joint angles, joint
torques, and joint power [31].
IMUs, which typically combine accelerometers, gyro-

scopes, and sometimes magnetometers, have emerged as a
popular choice for wearable sensors due to their small size,
low cost, and ability to capture high-frequency motion data
[32]. The application of IMUs in the realm of biomechanics
and rehabilitation is of paramount importance, particularly in
the estimation of joint angles.

Despite the potential of IMUs, their application in joint
angle estimation has been challenging owing to issues such as
sensor placement, orientation, and integration drift [33].Most
existing studies used multiple IMUs placed on different body
segments, which can be inconvenient and uncomfortable for
users [28], [34]. Reference [34] employed two artificial neu-
ral network models to compute the extension/flexion angle
of the knee joint and vertical ground reaction forces from
three IMU sensors fixed on the pelvis and lower legs. Motion
was performed on an instrumented treadmill in a laboratory.
Resultantly, a mean RMSE (RootMean Square Error) of< 5◦

was attained for the knee flexion/extension angles. Reference
[28] on the other hand, hired six participants to perform
activities of daily living and sports exercises. They attached
five inertial sensors to estimate the full-body joint poses.
They achieved a joint position error of approximately 8 cm
and a joint angle error of approximately 7◦. Other similar
studies, such as [26], [35], [36], [37], and [38], similarly
utilized two or more IMU sensors for either knee angle
estimation or including the ankle rotation angles. Particularly,
[38], [39] adopted a model-based joint angle estimation using
different algorithms such as Kalman filters. However, the
common aspect of these studies is that they need two or
more than two sensors to estimate one joint angle. If these
methods were to be adopted for all the lower body joint
angles, the number of sensors would be large. Additionally,
the data used for the joint angle estimation was collected
in an optical cameras-equipped controlled environment. This
means subjects have to wear optical and inertial sensors
together and perform motion activity in a certain indoor
space. This could add complexity and measurement error to
the system and discomfort to the subject.

Owing to the rapid development of artificial neural
network models, researchers have recently begun to explore
the use of a single IMU for joint angle estimation. A study by
[25] used a CNN (Convolutional Neural Network) to estimate
the sagittal plane one leg joint angles from 10 participants
who performed running activity on a treadmill. It is not
clearly explained why the authors chose to fix the IMU sensor
on the foot rather than the waist or any part of the leg. They
claimed to have obtained an RMSE of less than 3.5◦ and
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6.5◦ in intra- and inter-participant scenarios, respectively,
for sagittal plane angles. Similar work by [40] employed an
LSTM (Long Short-Term Memory) to estimate the multi-
joint leg joint angles from a low-frequency IMU sensor fixed
on the lateral shank. Like [25], the ground-truth motion data
was measured with an optical motion capture system. These
studies show the promising potential of single inertial sensors
in estimating leg joint angles. However, there is no consensus
on where on the body the sensor should be placed. This
was addressed in our previous work [27], where multiple
candidate body parts were compared for multi-joint angle
estimation. It was found that a single unit sensor attached
to the shank resulted in better performance over other parts,
the waist, thigh, and foot. These studies have only used one
activity, either running on a treadmill or walking, to verify
the possibility of estimating joint angles from a single IMU
sensor.

In summary, the existing similar studies such as [25], [34],
[35], and [40] have primarily focused on data collected in a
controlled indoor motion (such as treadmills), single activity
motion data, single leg joint angles estimation, and varying
sensor placement. This study aims to extend this line of
research by proposing a novel method for estimating both
legs’ hip and knee joint angles using a single IMU fixed
on the shank of the right leg. By using motion data from
four different activities, we have explored the possibility of
lower limb pose estimation using a single unit of wearable
sensor. This approach is motivated by the desire to minimize
the number of sensors required, thereby enhancing the
wearability and user comfort of the system.

Deep learning, a subset of machine learning characterized
by the use of artificial neural networks with multiple layers,
has shown great promise in handling the complexities of
human motion data and improving the accuracy of joint angle
estimation [25], [27], [40]. In this study, we leverage deep
learning techniques to model the relationship between the
IMU data and the joint angles, overcoming the limitations
of traditional model-based methods. Our work is significant
as it addresses a variety of walking activities, including
backward walking, sideways walking, zigzag walking, and
ramp walking. These activities represent a broad spectrum of
daily life movements, enhancing the ecological validity of our
approach. The use of a single IMU for joint angle estimation
is a relatively new concept in the field of biomechanics. The
majority of previous studies have relied on multiple IMUs,
which can be cumbersome and uncomfortable for the subject.
Our approach, which uses a single IMU fixed on the shank,
offers a more user-friendly solution. This is particularly
important in the context of long-term gait analysis, where user
comfort and compliance are key factors for successful data
collection. The proposed method could contribute mainly to
the medical and robotics fields of study. In the medical area,
particularly in rehabilitation, physiotherapists usually rely on
their visual or complex indoor equipment for the evaluation
of their patients. Attaching a single unit of sensor to patients
and getting a numerical value of their joint movement would

increase comfort to patients and insight to the clinicians.
In addition, this method could contribute to the development
of patient intention-aware exoskeleton robot design.

In this study, data from a single inertial sensor fixed below
the knee of the right leg is used to estimate the sagittal
plane joint angles of the leg, namely the hip and knee
joints of both legs. Exceptionally, for sideways motion, the
adduction/abduction hip joints and extension/flexion knee
joints were obtained. The system overview is shown in
Figure 1. Themodel was trained using the data from the shank
IMU in a supervised fashion where ground truth joint angles
were computed from all five sensors. During the inferencing
phase, the trained model is used to estimate joint angles of
unseen data, which are then visualized using a simulation.
The contribution of this study is:

• Comprehensive joint angle estimation analysis of dif-
ferent walking activities, unlike previous studies, which
only focused on a single motion type.

• The deep learning implementation on natural daily life
motion patterns collected outdoors. This comprehen-
sive analysis enhances the ecological validity of our
approach and makes our results more applicable to real-
world situations.

• By demonstrating the feasibility of using a single
shank-mounted IMU for estimating hip and knee joint
angles across different walking activities, we hope to
pave the way for more accessible and comprehensive
gait analysis solutions in the future. The results of
our study have important implications for the field of
biomechanics and rehabilitation.

• This study will contribute a bit towards the ongoing
efforts of making wearable technology more practical
and effective for human motion analysis.

• Lastly, the data collected in this study are published
online for other interested researchers to replicate or
work with new methods.

FIGURE 1. System overview.

II. MATERIALS AND METHODS
A. EXPERIMENT EQUIPMENT AND PROTOCOL
This study utilizes MTw Awinda sensors (hereafter referred
to as inertial sensors) produced by Movella Inc., based in
Nevada, USA. These sensors are wireless, compact, and
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incorporate microelectromechanical system inertial sensors,
making them ideal for real-time tracking of human move-
ment. The inertial sensors provide accurate and synchronized
data across all linked sensors, a critical feature for human
pose estimation. The recorded data are saved on a computer
with the help of proprietary software provided by Movella
called MVN Analyze Pro. It is designed specifically for
capturing and examining data from Xsens motion capture
hardware systems, including MTw Awinda sensors. This
software has the feature for real-time visualization of
comprehensive body kinematic data. These include, but are
not limited to, accelerometer data, gyroscope data, joint
angles, segment orientations, and the center of mass.

FIGURE 2. Experimental setup and data collection.

Given that IMU sensors can be affected by drift errors
and magnetized environments, it’s crucial to validate and
assess their performance before actual use. To validate this,
studies by [41] and [42] evaluated the performance of the
MTw Awinda sensor motion capture system in comparison
to the gold-standard optical motion capture systems. After
comparing with an 8-camera Qualisys optical motion capture
system for 18 lower limb joints, [41] reported an RMSE of
3.2◦ to 10.1◦ for walking and 3.7◦ to 8.0◦ for static poses.
The other study by [42] investigated the result of the MTw
Awinda sensors against the Optotrak motion capture system
for normal and stair walking. The authors obtained a mean
joint angle estimation error of 1.38◦ to 6.69◦. As an extra
layer of evaluation, the performance of the inertial sensors
was performed in this study as well. Even though the actual
experiment was not in an indoor environment, the testing
was done in an OptiTrack motion capture system-equipped
laboratory room. A five-minute long data was collected using
a rectangular rigid frame where reflective markers and an
inertial sensor weremounted on it. TheMAE (MeanAbsolute
Error) of the inertial sensor orientation was 1.45◦, 1.66◦, and
0.67◦ for the x, y, and z axes, respectively. Unlike this, our
main data measurement was conducted in an outdoor setting
where the environmental magnetic field is insignificant.
Data were collected for about 10 minutes per subject to
avoid potential long-term errors. As shown in Figure 2,
data collection was carried out in an outdoor lawn space
where there are no big structures that could potentially be a
source of magnetic field. This was confirmed by measuring
the magnetic norm variation of the experiment site, which
remained within the ±0.2 range, a standard recommended by
the manufacturer. Hence, the inertial sensor system is deemed

reliable for the experimental and analytical requirements of
this study.

In this study, fourteen healthy youth participants (11 male
and 3 female) were recruited for the data collection. Informed
consent was obtained from all subjects beforehand. The
subjects have a demographic age of 24.5±5.7 years, height of
168.9±6.9 cm, and weight of 63.5±8.8 kg. Each participant
provided written consent before the experiment. The motion
data was collected by affixing seven inertial sensor units to
the lower half of each participant’s body. As illustrated in
Figure 2, the sensors were attached to the part right above
the pelvis bone, the lateral side of the femur of both legs, the
upper part of the tibia of both legs, and the upper surface
of the metatarsals of both feet. These sensor positions are
recommended by the sensor manufacturer, considering the
effect of soft tissue and skin motion artifacts. The sensors
are then firmly fixed to the body using non-slip Velcro tape
straps.

Once the subjects confirm that they feel comfortable with
the attachments, calibration is carried out. The calibration
procedure was performed as follows. First, anthropometric
information such as height and shoe size were recorded.
After sensors are attached to their corresponding position, the
subject stands still in an ‘‘N-pose’’ for three seconds. This is
followed by a 10-second circular and slow walking motion.
This completes the calibration process, and data recording
can be conducted afterward.

Subjects were then instructed to walk naturally, in any
direction, altering their pace to slow, normal, or fast at
varying step lengths. The interpretation of the motion pace
and stride length was left to the subjects’ intuition. Each
subject performs four different motion activities: backward,
sideways, zigzag, and ramp walking. Each activity was
assigned 10 minutes, which totals 40 minutes per subject
for all activities. Calibration was done only once, at the
beginning, to avoid any placement errors. An Awinda Station
manages the process of receiving synchronized data from
all sensors, which are connected wirelessly through a radio
protocol. The Awinda station is serially connected to an LG
Gram 11th Gen Intel® Core™ i7 computer to save the
motion data. The Awinda station antenna supports wireless
communication up to a 50-meter radius, making the data
collection process convenient. Motion data were collected
at 100 Hz of sampling frequency. Figure 3a and Figure 3b
provide a visual representation of the shank inertial data and
joint angles data.

B. DATASET PREPARATION
Different motion information can be exported as CSV
files using the MVN Analyze Pro software. This data
encompasses both the input data, which consists of triaxial
linear acceleration and angular velocity data, and the output
data, which includes joint angles data. The joint angles data
is composed of the four extension/flexion angles of the hip
and the knee for both legs, as shown in Figure 4.
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FIGURE 3. Raw inertial and joint angle data, zigzag walking (left) and backwards walking (right).

FIGURE 4. Leg joint angles; the hip and knee joints.

For effective deep-learning training, it is crucial to segment
the raw time-series motion data into smaller datasets.
To accomplish this, we adopted a sampling window of
width of 50 and stride of 10, corresponding to 0.5 seconds
of data, for the preparation of the datasets. The decision
to use a width of 50 was made after conducting a
comparative analysis among widths of 20, 50, and 100 for
joint angle estimation training for a single subject. The
results demonstrated that the sampling window with a
width of 50 yielded better results. Datasets are found at
https://github.com/tsgtdss583/multiActivities/tree/main.

The process of preparing and segmenting the data for deep
learning training is a critical step in our study. It allows
us to effectively train the neural network and evaluate its
performance using a separate testing dataset. In our previous
study [27], we discovered that the use of the sensor affixed

to the tibia (shank) for joint angle estimation during straight
walking yielded more accurate results compared to other
sensors. The use of the sensor affixed to the tibia has
proven to be effective in our previous study [27], and we
continue to utilize this approach in our current research
as well. Consequently, in this study, the inertial data from
the tibia of the right leg was selected as the input for the
neural network. The input dataset is shaped into a 50 ×

6 array, where 50 represents the sampling window size and
6 accounts for the 3-axis accelerometer data and the 3-axis
gyroscope data. In addition, the output data is prepared in
a 4 × 1 vector format representing the four joint angles.
The estimation problem in this study is solved by taking
the previous 50 samples of tibia inertial data to compute the
current leg joint angles.

The training was conducted using data from thirteen
subjects, while the data from one additional subject was
used as a testing dataset for the trained neural network. It is
important to note that joint angle values can vary significantly
between subjects. To illustrate these differences, boxplots of
each subject’s joint angles for backward motion are shown in
Figure 5. As can be seen from the boxplots of the Figure, the
variability of the data is visible more on the hip joint angles
than the knee joint angles. This illustrates the variability in
hip movements during walking motions. One reason for the
variation of hip joint angles but not significant variation in
knee joint could be that the hip joint is a ball-and-socket
joint, which allows for a wide range of motion, including
flexion, extension, abduction, adduction, internal rotation,
and external rotation while the knee joint is a hinge joint
which allows movement primarily in one plane. The hip joint
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FIGURE 5. Boxplot of the four joint angles (backward walking). STD stands for standard deviation.

is not significantly constrained in its movements; however,
the knee joint ismore constrained in compared to the hip joint.
Specifically, the knee joint is constrained in its extension,
meaning it cannot extend beyond a certain point (usually
0 degrees or straight). Furthermore, the variability in the hip
joint angles could be attributed to the differing inclinations of
each subject’s torso. For example, a subject with an upright
posture will exhibit a smaller hip extension angle in contrast
to a subject with a torso leaning forward. This variation
arises from our assumption of a uniform straight torso for all
subjects.

C. DEEP LEARNING MODEL
Bidirectional Long Short-Term Memory networks (Bi-
LSTMs) have emerged as a powerful tool for deep learning
on time-series data, owing to their unique architecture and
capabilities [43]. Bi-LSTMs are an extension of traditional
Long Short-Term Memory (LSTM) networks, a type of
recurrent neural network (RNN) that effectively addresses
the vanishing gradient problem, which is a common issue in
training traditional RNNs [44]. LSTMs introduce the concept
of a memory cell that can maintain information in memory
for long periods of time, making them particularly suitable
for tasks that involve dependencies over different time
steps.

Bi-LSTMs enhance the capabilities of LSTMs by intro-
ducing a second hidden layer in the opposite direction to
the original layer. This means that each output layer can get
information from past (backward) states and future (forward)
states simultaneously. This bidirectional structure allows the

model to have access to both past and future contexts, which
is a significant advantage when dealing with time-series data
where future context can provide valuable information for the
current state [45].

The efficacy of Bi-LSTMs in the context of joint angle
estimation has been previously demonstrated, as evidenced
by the study conducted by [18]. Their excellent performance
in this specific problem domain has led us to adopt Bi-LSTM
as the neural network model for deep learning in our current
study.

The architecture of our chosen model is depicted in
Figure 6. It comprises a 256-unit Bi-LSTM, which operates
with a time step of 50, followed by four fully connected
layers. This structure is designed to effectively process
the time-series data and capture the temporal dependencies
inherent in joint angle estimation. Given that the target output
angle values can span from positive to negative, a linear
activation function was chosen as an activation function of
the last layer. This is due to the nature of linear activation
functions, which do not constrain the output to a specific
range, thus allowing for both positive and negative output
values. This is particularly important, as it ensures that the full
range of possible joint angles can be accurately represented
by the model’s outputs.

The training of the neural network was conducted utilizing
a specific set of hyperparameters, which were determined
through a process of trial and error to optimize the network’s
performance. These hyperparameters included a dropout
rate of 0.3, a batch size of 32, and a training period of
30 epochs. The optimization algorithm employed was the
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FIGURE 6. The Bi-LSTM model.

TABLE 1. Intra-subject models’ MAEs, RMSEs, and Pearson’s correlation coefficients.

Adam optimizer, which was trained using the Huber loss
function. Besides the dropout layer, L2 norm regularization
was also implemented on all the weights.

The Huber loss function, also known as the Smooth
Mean Absolute Error, is a robust regression loss function
that combines the advantages of the MAE and the Mean
Squared Error (MSE). The mathematical representation of
the Huber function is provided in Equation (1). The unique
characteristic of the Huber loss function is its ability to reduce
the impact of outliers on the training process [46].

Lδ (y, ϕ (x))

=


1
2
(y− ϕ (x))2, for |(y− ϕ (x))| ≤ δ

δ |(y− ϕ (x))| −
1
2
δ2, otherwise

(1)

In this equation, y represents the actual joint angles, which
are obtained from the MVN Analyze Pro. On the other hand,
ϕ (x) symbolizes the neural network that takes the input
vector x. The hyperparameter δ is utilized to choose one of
the functions in equation (1). The selected value for δ in this
study is 1.

III. RESULTS
In this section, the results of the deep learning model will
be discussed in detail. The data from the fourteen subjects
were used to train two models, one for intra-subject analysis
and another for inter-subject analysis. Both models were
Bi-LSTM networks of similar architecture but trained with
different datasets.

A. INTRA-SUBJECT
In this part, the four-motion data of a single subject are
used to train a neural network. Hence, fourteen separate
neural networkmodels were prepared per subject. The dataset
of each subject was divided into training, validation, and
testing datasets at 77%, 13%, and 10% ratios, respectively.
The results of the training are reported in Table 1 in terms
of the MAE, RMSE, and Pearson’s correlation coefficient
(ρ) metrics. The results in the table are obtained after each
trained intra-subject model was given the 10% testing dataset
as input. The MAE metric is easier to understand as it
represents the exact error of the results compared to the
reference joint angle values. However, it is more common
to use metrics such as RMSE and Pearson’s correlation
coefficient. Pearson’s correlation coefficient is a statistical
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TABLE 2. Inter-subject model’s MAEs, RMSEs and Pearson’s correlation coefficients.

measure that calculates the strength of the relationship
between the relative movements of two variables. The values
of the Pearson correlation coefficient are always in the range
of −1 to +1. The correlation coefficients represent the
linear correlation between the predicted and ground-truth
joint angle values, where +1 indicates a perfect positive
correlation, −1 indicates a perfect negative correlation, and
0 indicates no correlation at all. Hence, the ρ values range
from 0.91∼0.99 which indicates a strong correlation between
the predicted and ground-truth joint angles. This is supported
by the average of MAE and RMSE over the number of
joints, which range from 2.11◦

∼3.65◦ and 3.18◦
∼5.29◦

respectively. It is important to note that each subject’s data
does not include a single motion data of the subject, as in
many other studies, but a combination of four motion data.
Even though it is one subject’s data, it is partly diversified
due to the different motions. Therefore, this is a promising
result in understanding the leg kinematics of humans during
different locomotive activities.

B. INTER-SUBJECT
In this model, all fourteen subjects’ data were combined
and utilized for training and testing. First, the data from the
thirteen subjects were combined into one dataset, which was
later used as a training and validation dataset with a 77%
and 13% ratio. The remaining 10%, corresponding to one
subject’s data, were subsequently used as a testing dataset to
evaluate the performance of the trained network. As discussed
in section II-B, each subject has a unique way of locomotion.
Hence, we can consider in inter-subject training; there are
14 × 4 = 56 motion varieties. On top of that, the subjects
are not accustomed to backward and sideways motions in
their daily life. This has made the subjects perform those
activities in an irregular and non-uniform way. Particularly,
subjects struggle to keep a uniform knee movement during
sideways walking. The effect of such non-uniform motions
is evident in the network’s performance, as shown in Table 2.
TheMAE and ρ of backward and sideways motions are lower
when compared to the other two. The main movement of the
sideways motion is manifested on the hip, and the results for
the hip joints are better than the knee joints. Generally, the
model attained an average MAE and RMSE over the four
joints of 3.71◦

∼4.50◦ and 4.77◦
∼5.71◦ respectively. This

average was computed as the average of the four joints’ MAE

values of each motion type. By combining all four testing
datasets into one, the model MAE was calculated. These
results are 3.69◦, 3.45◦, 4.37◦, and 5.38◦ associated with the
right hip and knee and the left hip and knee, respectively.
The joint angle errors of the right leg are lower compared
to those of the left leg. It is the same with the RMSE
values shown in the table. This discrepancy is attributed to
the sensor’s placement on the right tibia, which allows it to
directly capture the motion of the right leg but not the left
leg. However, given the periodic nature of the motions, the
model can infer the orientation of the left leg relative to the
right leg. Lastly, the overall Pearson’s correlation coefficient
is 0.90, indicating a strong agreement between the two values
was achieved.

The outcomes derived from the inter-subject model are
illustrated in various graphical formats in the figures shown.
Figure 7 presents a box plot representation of the four joint
angles derived from the test dataset associated with ramp
walking. The box plot corresponding to the test dataset
from ramp walking is highlighted by a red rectangular box.
A notable characteristic observed in these results is the
convergence of the mean value of the predicted joint angles
towards the overall mean of the joint angles. This particular
trait is consistently observed across the other four types of
motion.

IV. DISCUSSION
Figure 8 provides a segment of the graphical comparison
between the actual (ground-truth) joint angles and the
predicted joint angles, represented by solid and broken
lines, respectively. These graphs specifically pertain to the
predicted left hip joint angle of the four types of motion.
The predicted angles exhibit a waveform pattern that closely
mirrors that of the actual joint angles. However, slight
discrepancies are observed in the phase alignment for the
bottom two graphs, and amplitude errors are noticeable at
the peaks and valleys (during full flexion and extension)
of the upper two graphs.

The phase misalignment may be attributed to the gait
speed, where most subjects might have performed the
motions at different gait paces. This could potentially result in
an imbalance in the dataset prepared. The second discrepancy
could be associated with the range of joint rotation among
the subjects. It is obvious that people have different ranges
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FIGURE 7. Boxplot of the predicted joint angles in comparison to the other thirteen subjects’ ground-truth
data used for training (ramp walking).

FIGURE 8. Graphical representation of the ground truth and the predicted left hip joint angle
across the four motion patterns.
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FIGURE 9. Comparison of the actual testing subject motion and simulation of the predicted joint angles. from left
to right: backwards walking; sideways; ramp walking; zigzag walking.

TABLE 3. Comparison of our study with other previous studies.

of joint rotation which results in different stride lengths and
different paces. This is one of the inevitable sources of errors
for such systems as deep learning algorithm outcomes often
gravitate towards larger datasets of similar features. The fea-
tures in this case are either smaller or larger rotation ranges.

Regarding the estimation error of joint angles, the intra-
subject error was smaller than the inter-subject error, with an
average MAE of 2.11◦

∼3.65◦ and RMSE of 3.18◦
∼5.29◦.

However, the MAE was larger for the inter-subject case,
measuring an MAE of 4.22◦, RMSE of 5.38◦ with a ρ of
0.90. This discrepancy can be attributed to the diversity of
the data in terms of gender, speed, step length, and individual
walking patterns, all of which influenced the results. A higher
ρ value here indicates a stronger agreement between the

actual and predicted joint angles. Additionally, the left knee
exhibited the poorest results compared to the other three
joints, as reported in Table 1 and Table 2, likely due to the
sensor’s placement being distant from the left knee joint,
which is fixed on the upper tibia bone of the right side.

Furthermore, the predicted joint angles were simulated
using a two-legged character in MATLAB Simulink,
as depicted in Figure 9. The direction of motion is indicated
by an arrowwhile the right and left legs are depicted in orange
and green colors, respectively. These results were obtained
from a subject whose motion data were not used during the
training.

The above findings hold significant promise for the field
of gait analysis and pose estimation. While motion analysis
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requiring high precision and detailed information may pose
challenges given the current results, it is noteworthy that
various gait events can be easily identified and measured
using the single inertial sensor unit affixed below the
knee joint. More importantly, the results for intra-subject
analysis outperform those of inter-subjects, suggesting the
potential for personalized gait and general motion analysis
applications.

Data were collected from fourteen participants who per-
formed four dynamic walking motions: backward, sideways,
zigzag, and ramp walking. A data-driven approach, based
on Bi-LSTM networks, was employed for the joint angle
estimation in both intra- and inter-subject cases. The findings
suggest the potential of deep learning methodologies for
processing single IMU data to achieve accurate human
motion monitoring with fewer sensors in daily life.

To put our study into perspective, a comparison with
previous similar data-driven studies conducted by [25], [34],
[35], and [40] was made as shown in Table 3. All the
previous studies have primarily collected their motion data in
a treadmill indoor environment rather than an actual outdoor
area. This is a highly controlled data collection motion where
subjects have to walk at a certain fixed speed. Walking
consistently at the same speed on a treadmill produces a
constant walking pattern, unlike overground outdoor walking
[47]. Hence, these studies do not represent the natural daily
life walking patterns. However, our study was conducted
outdoors without any form of guidance or instruction to
participants. This puts our study at the forefront of real-world
application compared to previous works. Furthermore, all
the previous studies have focused only on one motion type,
either walking or running. To push the limits of leg joint
angle estimation capability from a single inertial sensor, our
method investigated four entirely distinct walking patterns.
Another criterion is the number of inertial sensors used.
It is evident that employing multiple inertial sensors on
the lower half of the body enables the estimation of more
joint angles and results in higher accuracy. However, this
approach is impractical for daily life usage due to the setup
time, processing requirements, and inconvenience of wearing
multiple sensors. Therefore, the reduction in sensor quantity
by leveraging deep learning techniques has garnered recent
attention. This paradigm shift from analytical and model-
based methods to data-driven joint angle estimation using
inertial sensors methods is evident from the four previous
studies listed in the table. One common strategy in [25], [35],
and [40] is the use of one or two inertial sensors for only
one of the leg’s joint angles estimation. However, due to the
kinematically constrained and rhythmic human locomotion,
the other leg’s joint angles can be estimated as well. However,
the accuracy for the other leg could be lower than the leg with
the sensor attached to it. This can be confirmed by our RMSE
results in Table 3.

The results of our study suggest a promising future for
the use of single inertial sensors in everyday activities. A
significant gap between laboratory-controlled settings and

real-world applications still exists in this field of study.
Therefore, we hope that our study opens new avenues
for other researchers to further enhance single-sensor-
based biomechanics and gait analysis methods, leading to
more practical measurement systems in daily life settings.
Consequently, for applications involving instructed straight
walking, such as healthcare diagnosis, our study could
provide valuable insights into the biomechanics of the
lower half of the body with less device attachment to
the body of patients. It could also be extended to the
development of customized exoskeleton robots attuned to the
patient’s walking intentions to provide more natural walking
assistance. Additionally, due to the simplicity of the system,
it could be utilized in the evaluation of surgical outcomes for
patients who have undergone leg surgery.

Despite the promising results obtained, the first limitation
of this study is it only focused on sagittal plane joint angles
of different walking motions and coronal hip joints for
sideways walking. Hence, it is only limited to those leg
joint angles. As future work, further computations for the
frontal and transverse planes, including the ankle joint will
be investigated with the addition of other wearable sensor
modalities if needed. Another limitation is the demographic
limitation of this study. The study has only involved young
healthy subjects who do not report any form of mobility
impairment recently. Hence, this study cannot generalize to
all subjects of different ages and subjects who have any sort
of mobility impairment. However, looking at the results of
the intra-subject method, personalized systems could work
well with subjects of different demography and mobility
diseases. Other limitations pertain to the type of motions.
Since the sensor is attached to one of the legs, it is assumed
that both legs undergo similar movements. If the leg without
the sensor makes strange movements completely different
from the other, this method could find it hard to estimate
the pose of the leg in motion. For complex types of motion
such as martial arts, more sensors would be needed on
both limbs for accurate estimation. On the other hand, the
experimental protocol could be improved as an inertial sensor
attached to the foot for ankle joint measurements often
produces noisy data due to foot-ground impact. On top of that,
there is a risk of the sensor dislodging during high-impact
foot-ground interactions. Therefore, future considerations
may involve incorporating another low-level sensor, such
as an insole sensor, in the foot. The results obtained are
currently sufficient for identifying gait events, and this will
be expanded to compute essential gait parameters in the
future. Such gait parameter calculations will pave the way
for implementing a more advanced system applicable to
rehabilitation facilities and elderly care centers.

V. CONCLUSION
In summary, this study presents a comprehensive analysis
of leg joint angle estimation using a single inertial sensor
unit, leveraging the power of Bi-LSTM neural networks.
The study was conducted in a real-world outdoor setting,

121988 VOLUME 11, 2023



T. T. Alemayoh et al.: Leg Joint Angle Estimation From a Single Inertial Sensor

making it more applicable to daily life scenarios compared
to previous studies that primarily used controlled indoor
environments for motion data measurement. The predicted
results demonstrate a strong correlation with the ground-
truth joint angles in both intra- and inter-subject models.
Comparatively, the intra-subject model yielded a lower mean
absolute error (MAE) compared to the inter-subject model,
suggesting the potential for personalized gait analysis. The
study expands the scope of motion types to include backward,
sideways, zigzag, and ramp walking types, thereby pushing
the boundaries of what can be achieved with a single sensor
for joint angle estimation. The inter-subject models achieved
an RMSE of 4.76◦, 4.37◦, 5.30◦, and 7.09◦ for the right hip,
right knee, left hip, and left knee respectively.

However, the study is not without limitations, such as
it focuses on estimating joint angles of a single plane; it
only involves young and healthy subjects; it only applies to
rhythmic walking activities. Despite these constraints, the
findings hold significant promise for various applications,
including healthcare diagnosis, development of customized
exoskeleton robots, and evaluation of surgical outcomes.
The study also opens new avenues for further research,
particularly in enhancing single-sensor-based biomechanics
and gait analysis methods for more practical measurement
systems in daily life settings. Future work will aim to address
the current limitations by incorporating additional sensor
modalities and expanding the demographic range. Overall,
this study serves as a steppingstone towards the practical
application of deep learning methodologies in human motion
analysis.
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