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Abstract. Lower extremity rehabilitation-assisted exoskeleton robots bring together multiple
disciplines such as biomechanics, control engineering, robotics, and computer science. The main
role of lower extremity rehabilitation exoskeleton robots is to help patients and rehabilitators to
maintain or restore the mobility of lower extremities, therefore, proper research and discussion
of human gait analysis is the basis for establishing and improving such exoskeleton robots. To
analyse and evaluate the positive effects of modern technology on stroke patients, the
development of human gait capture and simulation technologies will be mainly summarized, the
latest human gait capture and simulation technologies will be classified and evaluated. And
through a comprehensive review and analysis of research advances in these areas, the usefulness
of lower extremity rehabilitation-assisted exoskeleton robots for stroke populations is evaluated.
This paper is informative in studying the usefulness of a lower limb exoskeleton robot combined
with gait capture and simulation technology for rehabilitation training of stroke patients.

Keywords: lower extremity rehabilitation-assisted exoskeleton robots, gait capture techniques,
gait simulation techniques, stroke patients.

1. Introduction

From 1990 to 2019, the number of stroke cases increased significantly globally and was the third leading
cause of death and disability combined [1]. The abnormal motor activation and altered muscle motor
control caused by a stroke can cause patients to develop abnormal gait patterns. Therefore, timely and
reasonable lower extremity rehabilitation activities are crucial for stroke patients. Compared with the
traditional way of manual assistance by rehabilitation therapists, the use of a lower extremity
rehabilitation assisted exoskeleton robot to help patients conduct self-rehabilitation can effectively
alleviate the serious mismatch between the number of rehabilitation therapists and the number of patients
and can effectively reduce the cost of rehabilitation. However, based on each patient's individual
physical characteristics such as height, age, and gender, there is an error of more than 5 degrees in the
sagittal kinematics of the patient's lower extremity [2]. Exoskeleton robots for lower extremity
rehabilitation still need more accurate and differentiated human gait data to extend their range of
application and improve their general safety.

Unlike traditional human lower limb rehabilitation assisted exoskeleton robots that cannot exert real-
time control based on the realistic motion data of the rehabilitated person, the existing robots are capable
of real-time monitoring of the wearer's lower limb motion patterns and self-adjustment of joint motion
data, effectively reducing the possibility of secondary injuries to the rehabilitated person caused by data
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non-compliance. The comfort, naturalness and stability of the exoskeleton robot are gradually improved
to optimize the wearer experience and promote a good experience of human-robot interaction. The
precise and personalized body data of the rehabilitated person detected by modern motion capture
technology is used as data input for modern gait simulation technology, and the lower limb exoskeleton
robot provides individual rehabilitation training for the stroke patient based on the output of the gait
simulation technology, thus helping the patient to carry out a more scientific and effective rehabilitation
approach.

2. Development of human gait capture technology

Lighter, more accurate wearable sensors and accurate motion capture technology make the human gait
capture level continue to improve and provide the basic equipment conditions and data conditions for
the subsequent gait simulation.

2.1. Development of wearable multimode sensors

There are three main categories of current wearable sensors: mountable sensors, fabric-based sensors,
and skin-like sensors [3]. Wearable devices allow for information extraction, aggregation, and close
monitoring of the surroundings without affecting the motion of the detector. Wearable sensors usually
have excellent flexibility and stretchability, thus adapting to the various strains generated by human
motion and enabling accurate capture of human activity signals through their ability to respond quickly
and to sense mechanical stimuli.

Wearable strain sensors based on 3D textile structures, such as MLS sensors, can be adapted in
different modes to monitor biosignals or motion signals such as gait pressure [4]. 3D textile structures
are now commonly used as pressure absorbers. For example, MLS is able to use pre-strained
monofilaments in 3D textile structures as pressure transmitters to produce amplified strain in PVDF
films [4]. Therefore, by attaching a 3D textile structure sensor, such as an MLS, to a shoe insole [4] or
to the skin of a lower limb and monitoring the change in pressure effect during walking, human gait
information can be captured in real time.

Skin-like sensors, such as multifunctional epidermal sensors, consist of electrodes to monitor muscle
stimulation, Electromyography (EMG) signals, and mechanical strain [3]. By attaching the sensor to the
skin, the EMG signal and strain of the lower extremity are monitored while the tester is walking,
enabling the capture of human biosignals and kinetic information generated by gait.

Wearable multimode sensors, unlike some older sensors, are lightweight and fit well enough to allow
stroke patients to test movement independent of the sensor's own size or mass, resulting in more accurate
gait capture information.

2.2. Development of high precision motion capture technology

Unlike traditional motion capture techniques, modern optical motion capture systems with high accuracy
features can detect the 3D position of the subject by multiple simultaneous cameras in a specified space
[5]. Multi-camera motion capture systems that reflect markers through tracking mirrors, such as the
Vicon multi-camera motion capture system, have gradually become the established gold standard for
gait analysis [6].

Although optical motion capture technology is highly accurate, it also has the limitations of requiring
frequent calibration, space limitations, and significant costs. The development of single-camera motion
capture technology enables the capture of gait information of test subjects without spatial and
environmental constraints on the basis of ensuring certain recognition and capture accuracy [5]. For
example, a single RGB camera combined with multimodal human motion capture technology is used to
capture the motion of the tester. For example, the MonoEye system uses an RGB camera with an extra-
wide fisheye lens mounted on the tester's chest to capture the 3D body pose of the wearer as well as
information about the surrounding environment, thus enabling multimodal motion capture [5]. Also, by
combining a single RGB camera with a convolutional neural network (CNN), 2D and 3D pose features
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can be captured and matched while the subject is walking. In addition to this, depth cameras such as
OpenPose, DeepPose and VVNect are also being used for human gait capture [6].

The high-precision optical motion capture system can more accurately respond to human gait data,
enabling stroke patients to make adjustments to their gait based on more accurate data. The portable
RGB camera and depth camera systems enable telemedicine and remote rehabilitation methods,
allowing stroke patients living in remote areas to adjust their gait with this technology [6].

3. Development of human gait simulation technology

The systematic upgrading of sensors and the continuous optimization of computer algorithms provide
technical support for the development of new human gait simulation technologies. The new human gait
simulation technology is divided into three main areas: gait recognition using deep learning algorithms,
wireless real-time monitoring sensor network, and the development of virtual reality systems to evaluate
gait function.

3.1. Gait recognition using deep learning algorithms

For gait simulation, the commonly used deep learning techniques are convolutional neural networks
(CNN), support Vector Machines (SVM), long short-term memory networks (LSTM) and Gated
circulation unit (GRU). However, using the above-mentioned deep algorithms alone to capture and
simulate human gait predictions will have large errors. Instead, the classification and simulation
prediction of human gait can be made more accurate by using CNN combined with LSTM [7] [8], multi-
scale learning model (MSL) [9], deep neural network library with long and short-term memory (CuUDNN
LSTM) integrated with improved RNN [10], multilayer perceptron using nonlinear dynamics [11] and
a two-layer feedforward neural network combination using WS classifier and PGC predictor [12] for
simulating individual gait behavior.

The data inputs for the above combined approach are mainly divided into neurophysiological signals
such as EEG and EMG [8] [9] [12], 3D maotion capture information [7] [10] [11] and kinetic data
information [12]. And the use of the above combined approach has a large requirement for the initial
input data. For EMG signals collected by EMG sensors such as TrignoTM requires a filter to filter the
SEMG signal [8], which in turn eliminates the interference of other electromagnetic signals received
during signal recording. The acceleration and angular velocity data collected using IMU from various
parts of the experimenter's lower extremities also need to be filtered by low-pass filters, and the sensor
data should be in the same dimension using linear interpolation, normalization, and data segmentation,
so as to effectively improve the accuracy of the subsequent deep neural network algorithms. CNNs
mainly perform feature extraction and dimensionality reduction on images through convolutional and
pooling layers [8], thus reducing the number of parameters and easing the complexity of the computation.
RNNs capture the temporal information in sequential data through cyclic layers and state transfer, thus
modeling long-term dependencies, and have problems such as gradient disappearance and gradient
explosion while effectively reducing the number of parameters and training time of the model [7]. LSTM
effectively mitigates the gradient vanishing problem of RNNs by introducing mechanisms such as
forgetting gates, input gates and output gates [8].

Thus, by sequential combination of multiple neural networks and multimodal signal combination [9],
combinatorial neural networks possess higher classification accuracy [9] and predictive relevance [11].
Gait simulation of a lower limb rehabilitation-assisted exoskeleton robot is made more adaptive and
conformable by the input of personalized initial data from the wearer.

3.2. Wireless real-time monitoring sensor network

The human sensor network is a system created by fusing innovative multidisciplinary knowledge of
biosensors, medical electronics, multi-sensor data fusion methods, and wireless communications [13].
Real-time body wireless sensor network systems measure real-time body motion data mainly through
inertial measurement units (IMU), Micro-Electro-Mechanical Systems (MEMS) and other small
systems with microelectronic components and micro packages. Compared to gait analysis using high-
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precision cameras and optical motion systems, Body Sensor Network (BSN) and Wireless Sensor
Network (WSN) systems are less susceptible to the limitations of complex algorithms on development
and workspace. Their small size, low cost and unrestricted portability for dynamic monitoring make it
possible to record gait fluctuations in everyday life scenarios [14].

The data input for BSN and WSN is usually sensor unit detection data consisting of magnetometer,
accelerometer and gyroscope [13]. Whether due to the drift characteristics of gyroscopes or the magnetic
interference problems received by magnetometers [13], the measured data cannot be directly used as
input to the real-time sensor network. The most common solution to this problem is to process the
collected data through a Kalman filter to eliminate the errors caused by sensor noise [13], allowing the
output to converge [14]. Wireless sensor network systems receive sensor detection data through
aggregation nodes or transmit the received data to sensor nodes through wireless transmission, etc. The
gateway, on the other hand, enables the uploading of sensor detection data by using protocol conversions
such as the XBee communication protocol. The management side realizes control decisions by using
sensor detection data as a basis for analysis and judgment of gait and subsequent decision-making
behavior. Thus, the goal of continuous and timely monitoring of gait data can be achieved when the
sensor units are placed at suitable locations on the human body and form a complete wireless body
domain network. Therefore, the goal of continuous and timely monitoring of gait data, such as the
motion of the hip, knee [13], and ankle [14] during human walking, can be achieved through a wireless
body area network formed by sensor units located on the human body. Based on these data, the
management segment can complete the simulation and decision making of human gait.

The use of wireless sensor networks for real-time monitoring makes it possible to continuously
monitor and repeatedly validate the gait data of stroke patients with limited mobility and range of motion,
making the lower extremity rehabilitation-assisted exoskeleton robot more responsive to the individual
needs of stroke patients.

3.3. Development of virtual reality systems to evaluate gait function

Virtual reality (VR) is a computer-based technology that is capable of displaying corresponding digital
images by simulating a real environment through which the user can interact with the virtual
environment. Therefore, through the interactive capability of VR technology and the ability to
manipulate motor control, cognitive processes and learning mechanisms based on sensory feedback [15],
human gait can be better simulated in a virtual environment.

Simulating human gait using VR technology requires building a virtual environment. With various
devices and software, a corresponding 3D virtual environment can be generated [16]. The actual
environmental extent can be recorded using terrestrial laser scanning (TLS), which generates a
corresponding 3D point cloud after human error correction [17]. Gait data can be collected using a 3D
motion capture system such as Vicon Motion Systems [15] or fed through a robot-assisted gait training
(RAGT) with a programmable human lower limb exoskeleton worn by the tester. The workstation acting
as a computer acquires data and displays the corresponding virtual scene on the screen by connecting
the 3D motion capture system and the lower limb exoskeleton robot. The tester will interact with the
virtual scene with a real object as a reference [18]. Based on the intervention test data, the gait data and
behaviors of the testers were categorized and analyzed by scales such as Functional Ambulatory Scale
(FAC), Functional Independence Measure (FIM), Berg Balance Scale (BBS), and Trunk Control Test
(TCT) [18] to understand the gait simulation characteristics and problems of the testers.

Thus, VR gait training provides an intensive, variable therapy for stroke patients that can be adapted
to the patient's abilities and data. Patients can repeat different movements and dual task the conditions
to solve problems with the help of VR technology [15]. Through the intervention of a therapist with
knowledge of both neurorehabilitation and VR, the most appropriate gait simulation adjustment program
can be provided to each stroke patient, thus completing and reinforcing the appropriate gait adjustment
learning [18].
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4. Conclusion

The development of various wearable multimode sensors and advances in various high-precision motion
capture devices and systems have enabled gait data from stroke patients to be responded to more
accurately. A variety of deep learning neural networks, wireless sensor networks and VR reality
simulation systems are used to personalize the gait simulation for different stroke patients' physical
characteristics with accurate input data. The lower extremity rehabilitation-assisted exoskeleton robot is
then used to personalize the rehabilitation movements of the stroke patient based on the gait simulation
data. By following the rehabilitation movements guided by the exoskeleton robot, the stroke patient
adjusts his or her abnormal movement gait, thus achieving the goal of gait improvement and even
rehabilitation. Through the analysis and evaluation of gait capture and simulation technologies, the inner
logic and working principles of lower limb rehabilitation-assisted exoskeleton robots can be better
known, and the principles of relatively safe and rapid rehabilitation of modern stroke patients can be
better understood and positively contribute to the development of future rehabilitation procedures for
stroke patients.
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