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A B S T R A C T

Lateral resistance walk is an effective way to strengthen the abductor muscles of the hip. Accurate lateral walking
gait recognition is the prerequisite for exoskeletons to be applied to lateral walking exercises. This paper pro-
poses a denoising autoencoder-LSTM (DAE-LSTM) algorithm for lateral walking gait recognition. Nine sets of
IMU data at three speeds and three strides of ten subjects were collected. Four lateral walking gait phases of
narrow double support (NDS), guided foot swing (GFS), wide double support (WDS) and following leg swing
(FLS) were recognized. The recognition performance of random forest (RF), support vector machine (SVM), k-
nearest neighbors (KNN), neural networks (NN) and DAE-LSTM were compared. The average cross-subject
recognition accuracy of DAE-LSTM was 90.2%, which was higher than the other four models and previous
work. For each frame of IMU data, the average recognition time of DAE-LSTM is 0.383ms, which is 5.32ms
higher than the previous work. When the signal-to-noise ratio (SNR) is greater than 100:1, the accuracy of the
DAE-LSTM model is higher than 90.0%, and the accuracy of the other four models were less than 85%. The
results show that the proposed algorithm can achieve the requirements of recognition accuracy, model recog-
nition time and model robustness for application in exoskeleton.

1. Introduction

Hip abductor muscle plays a key role in controlling pelvic stability,
alleviating knee pressure and maintaining the balance of lower limb
force lines. The adductor muscle of the hip is also important in main-
taining the symmetry and coordination of the body’s dynamics. Weak-
ness and reduced activity of the adductor and abductor muscles of the
hip often lead to abnormal gait, which increases the risk of falls, espe-
cially in the elderly or in patients recovering from lower limb injuries.
Therefore, it is necessary to strengthen the adductor and abductor
muscles of the hip joint through rehabilitation training [1]. As an
effective way to strengthen the hip abductor muscle, lateral resistance
walking can not only improve muscle strength, but also promote the
flexibility and stability of the hip joint, which is essential for main-
taining balance and stability during movement [2]. As shown in Fig. 1

(a), traditional abductor muscle training methods are achieved by
wearing resistance bands on the lower extremities. However, this
method has significant limitations: 1. Unable to provide stable resistance
torque, resulting in low training accuracy and unsatisfactory effect. 2.
The freedom of forward walking will be limited, and more complex gait
training cannot be realized. 3. This method does not strengthen the
adductor muscle of the hip joint. 4. Due to the lack of sensors and ac-
tuators, the method cannot evaluate and adjust the exercise intensity in
real time according to the state of the wearer.

Wearable exoskeletons have been widely used in walking assistance.
The exoskeleton may provide resistance instead of assistance to be
applied to lateral resistance walk. In order to deal with problems existing
in lateral band walk, our team designed a hip exoskeleton to provide
resistance during lateral walking gait, as shown in Fig. 1(b). For different
patients, the output resistance of the exoskeleton can be intelligently
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controlled to meet the personalized exercise needs. The lateral walking
gait phase recognition is the premise of exoskeleton control. Therefore,
it is important to research algorithm which can accurately identify the
lateral walking gait phase.

The sensors used have direct effect on the signal acquirement and
recognition accuracy. A few of researchers have researched various gait
detection algorithms based on different wearable sensors. Morbidoni
et al. studied machine-learning-based approach to binary classify gait
events by sEMG signals in hemiplegic-child walking [3]. However, due
to sweating and fatigue during human movement, the accuracy of intent
recognition based on EMG signals decreases over time. Wei et al. com-
bined features extracted from sEMG and EEG channels for gait phase
recognition to study the recognition effectiveness of different neural
networks [4]. However, the complexity of signal processing in EEG is an
important issue. At the same time, wearing myoelectric devices for long
time is inconvenient for users.

Recently, the application of inertial measurement unit (IMU) has
brought more and more attention for gait recognition. IMU is easy to
wear, small size and has high tolerance to the environment. A few of
exploration have been conducted for gait detection of lower limb exo-
skeletons and prosthetics based on IMU. In [27], the authors use

wearable sensing technology with an inertial measurement Unit (imu) to
enable portable and customized gait retraining for knee osteoarthritis.
Guo et al. proposed a new method called Online gait phase prediction
(OGPP) based on IMU signals and used pseudo-tags for gait phase pre-
diction [28]. Chen et al. introduce a method for real-time recognition of
gait events using IMU. The experimental results show that the proposed
method achieves good results in the identification of early feature points
of initial contact (IC) and toe-off (TO) events [29]. Liu et al. proposed a
lower limb IMU signal method based on fuzzy logic to identify events
when the heel and toe contact or leave the ground [30]. Cheng et al.
proposed an activity recognition system that uses signals from a
thigh-mounted IMU and a force sensitive resistor to classify transitions
between sitting, walking, stair ascending, and stair descending [5].
Bartlett et al. presented a gait classification method based on phase
variable description by measured motion of the thigh segment provided
by an inertial measurement unit [6]. Su et al. proposed a method for
processing IMU signals based on CNNs, and the recognition accuracy of
13 types of motion intentions reached a high level [7]. Chen et al.
proposed a foot position prediction method based on Bayesian inference
for wearable IMU sensors to predict foot position in the early swing
phase [8]. Above studies aimed at the gait under forward walking.

Fig. 1. Lateral walking with hip resistance exoskeleton to replace elastic band. (a) Lateral walking with elastic resistance band. (b) Lateral walking with hip
resistance exoskeleton. (c) The complete lateral walking gait cycle.

M. Luo et al. Computational and Structural Biotechnology Journal 28 (2025) 50–62 

51 



Although the lateral walking gait is completely different from the for-
ward walking, they play a good role for reference of the IMU-based
lateral walking gait detection.

For the recognition of lateral walking gait with fixed stride length,
our team previously conducted a preliminary exploration using tradi-
tional existing algorithms [9]. However, due to differences in the stride
length and speed of different groups of people, our previous exploration
had certain limitations. A gait recognition method for lateral walking
which is suitable for various stride lengths and speeds needs to be
studied. As far as we know, the algorithm developed for lateral walking
gait recognition is almost blank. However, the algorithms used in for-
ward walking can be referred. In [10], the authors extracted the
time-domain features of IMUs and predicted motion patterns through
linear discriminant analysis (LDA). Ryu et al. identified four gait phases
based on the support vector machine (SVM) and achieved good recog-
nition accuracy [11]. Compared to other machine learning methods,
deep learning is more capable of finding deep connections between
features and labels. In [12], the authors designed a variety of different
deep neural networks to predict the subject’s motion pattern and tran-
sition intention in real time only through the data of IMU. Based on the
influence of muscles on the classification of gait phases, Wei et al.
identified the gait phases by long short-term memory (LSTM) and ach-
ieved good recognition results [13]. Luo et al. combined LSTM with
multilayer perceptron (MLP) for predicting gait subphases and the
recognition accuracy was superior to other existing methods [14].
Similar to forward walking, the lateral walking gait phase changes
periodically. In other words, the time-dependent performance of the
lateral walking gait phase has greater benefits for gait recognition. For
these reasons, we use long short-term memory (LSTM) to design a
transverse gait phase classifier.

IMUs are usually connect to a computer via Bluetooth technology.
Thus, IMU signals often include noise due to the impact of the envi-
ronment. The use of noise-reducing autoencoders can improve data
quality to some extent. Autoencoders are often used to reconstruct new
feature data from the original data. Jun et al. proposed a method to
extract features using two RNN autoencoders, which improved the
recognition accuracy of abnormal gait recognition [15]. Tu et al.
designed a spatiotemporal data augmentation method based on LSTM
autoencoder network and applied it to the bone-based human motion
recognition [16]. Zhang et al. proposed an autoencoder framework to
clarify the relationship between confounding features to improve the
accuracy of gait recognition [17]. Sheng et al. proposed a conjoined
noise reduction autoencoder for joint trajectory reconstruction and
robust gait recognition [18]. Wang et al. proposed a stride estimation
method based on LSTM and denoising autoencoder (DAE) to solve the
error caused by the estimation of the motion distance of natural walking
under complex conditions [19]. Noise-reducing autoencoders reduce the
effect of noise disturbances in signals by adding noise to the signal and
then reconstruct it. In order to make the designed lateral walking gait
recognition algorithm more robust and meet the needs of multiple types
of people. In this paper, a noise reduction encoder is used to design a
lateral walking gait phase classifier to overcome the interference of IMU
signals.

The main contributions of this work are as follows:

(1) Based on IMU signals, this paper proposed a noise reduction
autoencoder and LSTM fusion method (DAE-LSTM) for lateral
walking gait recognition. The lateral walking gait with three
stride lengths and three speeds is studied for the first time. Four
lateral walking gait phases including narrow double support
(NDS), guide foot swing (GFS), wide double support (WDS), and
following leg swing (FLS) were identified based on the proposed
algorithm.

(2) Compared with the performance of four algorithm models RF,
SVM, KNN, and NN, the proposed DAE-LSTM model achieves
better recognition result during cross-subject experiments. In

addition, compared with previous studies with fixed stride
length, the proposed model has better cross-subject recognition
accuracy and greater recognition time performance.

(3) For signals with different signal-to-noise ratios, the noise immu-
nity of the five algorithm models was compared experimentally.
Compared with the other four models, the proposed DAE-LSTM
has stronger robustness.

2. Methods

2.1. Gait division

Similar to the forward walking gait, the lateral walking pattern re-
quires a defined direction. In this study, the rightward movement rela-
tive to the human body serves as the designated travel direction,
whereas movement towards the left side constitutes the retracing di-
rection. When proceeding in the forward direction, the right leg func-
tions as the guide leg, while the left leg acts as the following leg. Our
focus pertains to lateral walking in the forward direction. Illustrated in
Fig. 1(c), a complete lateral walking gait cycle is established for this
study. The first gait phase is defined as narrow double support (NDS). At
this phase, the human body stands vertically on flat ground. There is
almost no distance between the legs of the human body. The second
phase of gait is defined as guided foot swing (GFS). At this phase, as the
front legs are off the ground, the weight of the body is gradually
transferred to the back legs. When the front leg hits the ground, it is
defined as the end of the second phase. The third phase of gait is defined
as wide double support (WDS). At this phase, the human body stands on
flat ground with both legs. The human legs are separated by a certain
distance, and the center of gravity gradually shifts between the legs. The
fourth phase of gait is defined as following leg swing (FLS). At this phase,
as the hind legs leave the ground, the weight of the body gradually shifts
to the front legs. The moment the hind leg hits the ground is defined as
the end of the fourth phase of the gait.

In this study, the plantar pressure sensor’s acquired signal serves as a
pivotal indicator for gait phase recognition. Based on the plantar pres-
sure signal, we divide the IMU signal into four phases of gait. Based on
the plantar pressure signal, we divide the IMU signal into four gait
phases. During the model training process, the signal obtained from the
plantar pressure sensor is employed as the actual class. The IMU signal
recognized by the model is employed as the predicted class.

2.2. Structure and prototype

Based on the design requirements and the function of the biome-
chanical analysis, our team designed a hip exoskeleton and its structure
is shown in Fig. 2(a). The width adjustment class has a range of 200 mm
and can be adjusted to suit different body types.

Fig. 2(a) also shows a side view of the wearer. The exoskeleton is
connected to the wearer by a lumbar support, a rigid cowhide belt in the
prototype. Four pressure gasket modules (FSR, Kcut, China) are placed
at the first metatarsal and posterior heel of the forefoot to detect the
lateral walking gait phase. Two IMUs (LPMS-B2, Arubi, China) are
attached to the thigh brace in front of the thigh, to measure attitude
information when walking.

2.3. Signal acquisition

This study collected IMU signals from 9 channels as raw data: 3 tilt
angles (roll, pitch, and yaw) and angular velocities and linear acceler-
ations on the X, Y, and Z axes. The system architecture is shown in Fig. 2
(b). The attitude signals of the IMU are sent to the single-chip micro-
computer through Bluetooth technology. Select the IMU sampling rate
based on actual application requirements, application scenarios, and
device performance. If the collected data needs to be processed in real
time or is a complex dynamic motion, a higher sampling rate is required

M. Luo et al. Computational and Structural Biotechnology Journal 28 (2025) 50–62 

52 



in order to capture key signal changes. If it is used for offline analysis or
low speed steady motion, a lower sampling rate can be selected. High
sampling rates increase data volume and power consumption, chal-
lenging the portability and battery life of the exoskeleton. In this paper,
the signal acquisition frequency of IMU is 200 Hz. The IMU is placed
above the knee joint to effectively capture the biomechanical properties
of the lateral gait. Plantar pressure sensors are placed on the forefoot and
back heel of the soles of both feet. The plantar pressure signals of the
pressure sensor are sent to the microcontroller via a universal asyn-
chronous transceiver (UART). The plantar pressure signal is acquired at
a frequency of 200 Hz. In addition, synchronization with plantar pres-
sure or other signals is also a key issue when IMU signals are applied to
exoskeleton systems. In this paper, the single-chip microcomputer was
used to synchronously collect the attitude signal and plantar pressure
signal of the experimental subject during the experiment in real time.
Then, the synchronized attitude signal and plantar pressure signal are
sent to the PC through the UART.

A total of 10 subjects were recruited for this study. The study was
approved by the Medical Ethics Committee of Shenzhen Institute of
Advanced Technology (SIAT-IRB-200715-H0512). In the in-subject
experiment, the collected IMU data and plantar pressure signals are
used to create the experimental data set. Fig. 3 shows the process of
model training and recognition.

Before the start of the experiment, we explained the experimental
process in detail to all subjects and conducted pre-experiments. Each
subject was asked to perform three sets of lateral walking experiments
with unsynchronized amplitudes. The experimental protocol is shown in
Fig. 2(c). Each set of lateral walking experiments was defined as walking
30 steps sideways along a straight line. In each experiment, subjects
were asked to walk laterally at three different speeds. Among them,
three stride lengths were selected as 40 cm, 50 cm, and 60 cm. Three
speeds were selected as 1.87 sec/step, 1.67 sec/step and 1.46 sec/step.
When the stride length is 40 cm, the corresponding speeds of the three
speed modes are 21.3 cm/s, 24.0 cm/s, and 27.4 cm/s, respectively.

Fig. 2. Lateral resistance exoskeleton experimental equipment, system architecture and experimental protocol. (a) Lateral resistance exoskeleton experimental
equipment. The hip exoskeleton was worn on the subject, and the IMU and plantar pressure sensors were attached to record changes in biological signals during the
experiment (b) The system architecture. The hardware includes an IMU, plantar pressure sensors, an MCU and PC. (c) The experimental protocol. Each subject was
asked to walk laterally in three sets of strides, each consisting of three speeds. And each speed requires 30 steps. Each group began by standing for five seconds. Then
walk 30 steps according to the three speeds from fast to slow. Finally, they entered the rest phase, where participants were asked to rest for 3 minutes.

Fig. 3. The process of model training and recognition across subjects.
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When the stride length is 50 cm, the corresponding speeds of the three
speed modes are 26.5 cm/s, 29.8 cm/s, and 34.0 cm/s, respectively.
When the stride length is 60 cm, the corresponding speeds of the three
speed modes are 31.9 cm/s, 35.9 cm/s and 40.8 cm/s, respectively. At
the end of each experiment, the subjects were asked to return to the
origin point to rest for 3 minutes and prepare for the next set of exper-
iments. In order to ensure that the stride length of each step in the same
set of experiments is the same, we intervene by marking the experi-
mental site. In order to ensure that the speed of lateral walking of sub-
jects in the same group of experiments is consistent, we use metronome
to respond in a certain time interval to control it. The entire experi-
mental procedure was carried out on the flat ground. The experiment
collected a total of 2700 steps of data. After we checked and screened out
some seriously damaged data, a total of 2479 steps of data were finally
used for subsequent model training and testing.

2.4. Signal preprocessing

In this study, the acquired IMU signals are filtered by the sensor’s
own Kalman filter. Kalman filtering dynamically reduces noise caused
by sensor drift and environmental interference, effectively suppressing
both high- and low-frequency noise to ensure smoother and more stable
signals. It also enhances data consistency by optimizing multivariate
state estimation, improving the quality of time-series features for the
model. By minimizing random noise, Kalman filtering allows the model
to focus on key gait features, such as acceleration and angular velocity,
thereby enhancing recognition accuracy and robustness. Fig. 4 shows
the 6 channel IMU signals in one gait cycle after filtering, including the
Angle, angular velocity and linear acceleration of x and z axes. Each
channel displays 9 types of signals with 3 stride lengths and 3 speeds.
Then, the resulting feature vectors are normalized. Finally, a 6-dimen-
sional feature vector (including six IMU channels) is formed.

2.5. Algorithmic models

The classifier is related to the effect of gait recognition. At present, it
is difficult to find papers on lateral gait recognition based on IMU sig-
nals. To this end, we conduct experimental evaluation of the current
model with strong versatility. These algorithmic models include:
Random Forest (RF), Support Vector Machine (SVM), K-Nearest Neigh-
bors (KNN), Neural Networks (NN). The IMU signal is a time series
signal. For different wearers, the trained classifier is required to have
better cross-subject ability. In recent years, the LSTM model has shown
good recognition effect on time series signals. Based on above reasons,
the author proposes a noise reduction encoder and LSTM fusion algo-
rithm to compare with above four algorithms. A 10x cross-validation

strategy was adopted. Then, different parameter settings were tested
for each algorithm model.

1) Random Forest: RF is a commonly used classification algorithm. Its
basic unit is the decision tree. Its output category is determined by
the voting results of multiple decision tree. Compared to decision
trees, it effectively reduces overfitting and results in better perfor-
mance. The splitting criterion is Gini impurity and the feature se-
lection is log2 scaling.

2) Support Vector Machine: SVM is a machine learning algorithm that is
often used for binary classification. Its basic idea is to find a dividing
hyperplane in sample space. This hyperplane separates different
classes of samples while maximizing the distance from the edge
points in the set of two points to this plane. The equation for the
hyperplane is as follows:

wTx+ b = 0

where x is the input feature (i.e. feature vector), w is the weight
vector, b is the bias. The weight vector determines the direction of
the hyperplane, while the bias determines its position. In this paper,
the SVM model uses RBF kernel function, kernel parameter gamma
= 0.01, regularization parameter C = 1.0.

3) K-Nearest Neighbors: First, given a trained sample set, for the new
input sample, find K samples closest to the sample in the training
sample set, and most of these K samples belong to a certain category,
and the input sample is classified under this category. For this al-
gorithm, there are three important factors to consider. The first is the
selection of distance, and Euclidean distance is chosen as the mea-
surement. This is followed by the selection of K -values, which in this
study we chose as 8. The final step is the choice of decision-making
method. The method of voting for the majority was used. And use the
method of 10 fold cross verification. For the selected K -value and
distance, the new sample belongs to the larger class of samples in this
range.

4) Neural Networks: A typical NN mainly consists of input layers, hid-
den layers, and output layers. For the purposes of this study, neural
networks were chosen to solve classification problems. Its main
principle is to continuously update the network parameter weights
by selecting a certain optimization algorithm according to the input
feature vectors and labels, and finally make the output category of
the model constantly close to the real category. The neural network
model used in this study consists of one input layer, two hidden
layers, and one output layer. The learning rate is set to 0.001. Use the
Adam optimizer for training. The batch size and epoch are 16 and 70,

Fig. 4. Six channel IMU signals in one gait cycle after filtering.
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respectively. The Softmax function was selected as the activation
function of the network output layer. The formula is as follows:

S(z)i =
ezi

∑J
j=1ezj

where S(z)i is the activation value of one input of the neuron, and zi
and zj are the elements of the input of the neuron. In this study, the
output of the model is four different gait phases. For multi-
classification problems, this study uses multi-class cross-entropy
loss as the loss function. The formula for the multiclass cross-entropy
loss function is as follows:

Loss = −
1
n
∑n

i=1

∑m

j=1
yijlogŷij

where n is the number of samples input by the model, m is the
number of classes output by the model, yij represents the true value
of the jth category of the ith sample, and ŷij represents the predicted
value of the jth category of the ith sample. The gradient descent
method is selected in the backpropagation process of the model. Each
input z needs to be derived during backpropagation. The derivation
formula is as follows:

∂Loss
∂z = ŷij − yij

5) Long Short-Term Memory: LSTM is a kind of recurrent neural
network (RNN) which is especially suitable for processing time series
data. It can effectively process and remember the temporal dynamics
of the information, so that the model can take into account the
temporal and historical information of the signal. Each LSTM cell
contains three main gates: the forget gate, the input gate, and the
output gate, as well as a memory cell state.The forget gate de-
termines how much information needs to be retained in the memory
unit state Ct− 1 of the previous time step. Its calculation formula is as
follows:

ft = ρ
(
Gf • [ht− 1, xt] + af

)

Where Gf is the weight matrix. af is the bias vector. ρ is the Sigmoid
activation function. ht− 1 is the hidden state of the previous time step.
xt is the input to the current time step. The input gate determines
howmuch information in input xt of the current time step needs to be
written to the memory unit. The formula is as follows:

it = ρ(Gi • [ht− 1, xt] + ai )

Where Gi is the weight matrix. ai is the bias vector. The candidate
memory unit state is generated through the tanh layer to update the
memory unit state:

C̃t = tanh(Gc • [ht− 1, xt] + ac )

Where Gc is the weight matrix. ac is the bias vector. tanh is the tanh
activation function. Update the memory unit status by combining the
information of the forget gate and the input gate. The output gate
determines the output of the current time step. The hidden state of
the current time step is calculated using the output gate and the
updated memory unit state. The calculation formula is as follows:

Ct = ft • Ct− 1 + it • C̃t

ot = ρ(Go • [ht− 1, xt] + ao )

ht = ot • tanh(Ct)

Where Ct− 1 is the memory unit state of the previous time step. Ct is

the memory unit state of the current time step. Go is the weight
matrix. ao is the bias vector. The LSTM model consists of an input
layer, an LSTM layer, a fully connected layer, and an output layer.
The Softmax function was selected as activation function of the
output layer. The training epoch is 100 and the batch size is 32. The
Adam optimizer was used to train the model.

6) Denoising Autoencoder-LSTM: The LSTM model is an algorithm
commonly used to process time series signals and have been applied
to gait recognition [20]. In this study, the trained classifier in
intended to be used on exoskeletons for online real-time recognition
of lateral walking. For different wearers, the trained classifier is
required to have excellent cross-subject ability. Inspired by the good
performance of LSTM in gesture and gait recognition [21–23]. In
order to enhance the robustness of the classifier, we proposed an
algorithm for the fusion of noise reduction autoencoder and LSTM to
identify the lateral gait phase. The core idea of the noise reduction
autoencoder is to add noise to the input sample data to make the data
deviate from the actual sample data to a certain extent. This data is
then used as the training data for the autoencoder. The autoencoder
reconstructs the features of this part of the training data. The purpose
of feature reconstruction is to make the data output by the autoen-
coder as close as possible to the data without added noise. In this
study, the data output by the noise-reducing autoencoder is used as
input to the LSTM. The Lateral walking gait recognition method
framework based on DAE-LSTM model is shown in Fig. 5. The
collected biosensor signals of the subjects were preprocessed and
then fed into the DAE-LSTM model for recognition. The DAE module
consists of an input layer, three hidden layers, and an output layer.
L2 weight regularization (0.001) and sparse regularization (4) were
applied. The input layer represents the acquired IMU signals. The
DAE module adjusts network parameters by minimizing the error
between the input and the reconstructed signals. The output layer
represents the reconstruction of deep features. The data output by
the DAE module is trained as the input of the LSTM module. The
LSTM module consists of an input layer, an LSTM layer, a fully
connected layer, and an output layer. The Softmax function was
selected as activation function of the output layer. The training
epoch is 100 and the batch size is 32. The Adam optimizer was used
to train the model.

2.6. Performance evaluation

The performance of the lateral walking gait phase recognition system
is significant to the exoskeleton system. The recognition accuracy,
model recognition time, and model robustness were used to evaluate the
performance of the model.

1) Recognition accuracy: Recognition accuracy is an important indica-
tor for evaluating model performance. The recognition accuracy in
this study included the in-subject group and the cross-subject group.
A confusion matrix is a way of describing recognition accuracy. It is
also chosen to evaluate the recognition accuracy in this work. The
recognition accuracy for each gait phase is as shown:

Pij =
sij
si
× 100%

where sij represents the number of samples that actually belong to
gait phase i which are identified as gait phase j. si represents the total
sample size that actually belongs to gait phase i. Pij represents the
percentage of sij and si. The recognition accuracy of all gait phases
can be expressed using a confusion matrix, as shown:

Y =

∑n

i=j
sij

S
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where n represents the number of gait phases, with a value of 4. S
represents the total number of all samples that the method put into
the model for testing. When i = j, sij represents the number of
samples that actually belong to the same gait phase and the gait
phase that is recognized. Y represents the number of samples that
were correctly predicted as a proportion of the total number of all
samples, i.e. the total accuracy.

2) Model recognition time: The model recognition time was obtained
based on the experimental data gathered from the across-subject
group. It includes offline recognition time and real-time recogni-
tion time. The IMU signals collected in real time during the experi-
ment were filtered and imported into the model for recognition. The
time required for this process is called real-time recognition time. In
practical applications of the real-time recognition system, the
recognition time holds paramount importance. The difference be-
tween offline recognition time and real-time recognition time is that
the process of model recognition is carried out offline.

3) Model robustness: For diverse users, the recognition system is
required to have good robustness. This means that the recognition
system should have good classification capability while IMU signals
have a certain amount of noise. The signal-to-noise ratio represents
the ratio of the original signal to the added noise. A higher signal-to-
noise ratio value means less noise. Conversely, a smaller signal-to-
noise ratio value means more noise added. Noise with different
signal-to-noise ratios was added to the IMU signals across the sub-
jects. And then different algorithm models were selected for offline
recognition and classification. The better the offline recognition
performance, the stronger the robustness of the algorithm model.

3. Results

In this section, three experiments are conducted to evaluate the
recognition effectiveness, time performance, and robustness of the
model.

3.1. Experiment 1: dividing training set and test set based on subject’s
numbers

In this experiment, the data of all subjects were randomly divided
into two parts. Specifically, the 10 subjects were divided into a seven-
person training set and a three-person test set. This means that the
ratio of the training set to the test set is 7:3. The experimental setup
based on subject’s numbers is shown in Fig. 6. All the data included the
subjects’ gait data at three stride lengths and three speeds.

Based on the same IMU data of 10 subjects, we compared the cross-
subject recognition ability of above models. Table 1 shows the recog-
nition results of three cross-subjects under the DAE-LSTMmodel. For the
three subjects (subject 1, subject 2, subject 3), the average recognition
accuracy of DAE-LSTM was 90.12 %, 91.08 % and 90.03 %, respec-
tively. The recognition confusion matrix of three subjects (subject 1,
subject 2, subject 3) under four models is shown in Fig. 7. For the three
subjects (subject 1, subject 2, subject 3), the average recognition accu-
racy of RF was 89.4 %, 88.3 %, and 87.7 %, respectively. The average
recognition accuracy of SVM was 87.6 %, 89.1 % and 88.3 %, respec-
tively. The average recognition accuracy of KNN was 85.8 %, 88.1 %
and 86.9 %, respectively. The average recognition accuracy of NN was
88.4 %, 89.6 % and 88.4 %, respectively. Obviously, all the recognition
accuracy of the four models is less than 90 %. The results showed that
the recognition accuracy of the three cross-subjects were higher than
90 %. Compared with RF, SVM, KNN and NN, the DAE-LSTM model has
better cross-subject recognition performance.

3.2. Experiment 2: time potential analysis of DAE-LSTM model
recognition based on cross-subject data

The amount of time it takes the algorithm to reach a classification
decision after receiving new data is the metric we are interested in.
Specifically, the amount of time includes three parts: data acquisition
time, filtering time and model recognition time. The time required for
the first two parts is the same for different models. Therefore, the time

Fig. 5. Lateral walking gait recognition method framework based on DAE-LSTM model.
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required for model recognition is the core element. We feed the filtered
IMU data of cross-subject into DAE-LSTM model and record the recog-
nition time.

In order to measure the recognition time of the DAE-LSTM model
across the subject data, we program the time when recognition starts
and the time when recognition ends. The total recognition time is ob-
tained by the time between the recognition ending and recognition
starting. The ratio of the total recognition time and total amount of data
across the subject group is the average recognition time required per
frame of data. For the above data, the experimental results showed that
the total recognition time and total data volume were 15716.8 ms and
41015 frames, respectively.

Obviously, the average recognition time required per frame of data is
0.383 ms. It can be seen that the model shows good temporal perfor-
mance for the filtered IMU data of cross-subject.

3.3. Experiment 3: robustness comparison of models based on data of
different signal-to-noise ratios

Comparative experiments showed that the proposed method had
good robustness under different SNR data. In this experiment, the di-
vision method of training set and test set was the same as in experiment
2.

In the test set, we artificially added different proportions of Gaussian
white noise to the original signal. Then the data after adding noise are
fed into different algorithm models and identified offline. The signal-to-
noise ratio settings are 100:0.1, 100:0.25, 100:0.5, 100:1, 100:2.5,
100:5, 100:10, and 100:20, respectively. For different signals, we con-
ducted ablation experiments and compared the recognition performance
of the six models respectively.

The recognition results of the models are shown in Fig. 8. For signals
without Gaussian white noise, the real-time recognition accuracy of
DAE-LSTM and LSTM models is 90.2 %. The average accuracy of offline
recognition of the other four models were 81.7 % (RF), 83.6 % (SVM),
83.8 % (KNN), and 84.5 % (NN), respectively. For signals with Gaussian
white noise, the average offline recognition accuracy of the proposed
DAE-LSTM model was 90.2 % (100:0.1), 90.2 % (100:0.25), 90.0 %
(100:0.5), 90.0 % (100:1), 89.3 % (100:2.5), 88.2 % (100:5), 85.1 %
(100:10), and 80.1 % (100:20), respectively. Corresponding to the
signal-to-noise ratio of 100:0.1, 100:0.25, 100:0.5, 100:1, 100:2.5,
100:5, 100:10, and 100:20, the average accuracy of offline recognition
of the LSTM model were 90.1, 90.1, 90.0, 89.4, 88.3, 86.4, 82.5, and
76.8 %, respectively. The average accuracy of offline recognition of NN

Fig. 6. Experimental setup instructions based on subject’s numbers.

Table 1
Cross-subject confusion matrix based on DAE-LSTM (%).

NDS GFS WDS FTLS

​ ​ Predict class ​
S1 NDS 78.58 11.99 0 9.43 Actual class

GFS 1.97 88.78 9.25 0
WDS 0 0 94.84 5.16
FLS 1.07 0.05 1.12 97.76
Total 90.12

S2 NDS 84.46 6.36 0 9.18
GFS 2.22 92.47 5.25 0.06
WDS 0 1.12 87.20 11.68
FLS 1.63 0.03 0.25 98.09
Total 91.08

S3 NDS 78.75 12.57 0 8.68
GFS 2.36 90.78 6.82 0.04
WDS 0.06 0.58 93.90 5.46
FLS 3.46 0 0.50 96.04
Total 90.03
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model were 84.4, 84.3, 84.1, 83.8, 82.6, 81.5, 78.6, and 73.6 %,
respectively.The average accuracy of offline recognition of KNN model
were 83.8, 83.7, 83.6, 83.3, 82.6, 81.6, 79.3, and 75.5 %, respectively.
The average accuracy of offline recognition of SVM models were 83.6,
83.5, 83.2, 82.8, 81.5, 79.5, 74.7, and 66.4 %, respectively. The average
accuracy of offline recognition of RF models were 81.6, 81.5, 81.3, 81.0,
79.5, 78.0, 74.8, and 69.3 %, respectively. When the signal-to-noise
ratio was greater than 100:1, the accuracy of the DAE-LSTM model
was higher than 90.0 %, and the accuracy of the other four models were
less than 85 %. Obviously, the proposed DAE-LSTM was more robust
than other models.

4. Discussion

4.1. Recognition accuracy and model recognition time

This paper proposed a DAE-LSTM recognition algorithm for lateral
walking gait recognition. Compared to the RF, SVM, KNN and NN, the
average recognition accuracy of the proposed method for the four gait
phases (NDS, GFS, WDS and FLS) in cross-subject condition is the
highest. In order to compare the recognition performance of the five
models more intuitively, we plotted the recognition results of three
cross-subjects under different models into a histogram as shown in
Fig. 9. For the collected IMU signals, the cross-subject recognition results

Fig. 7. The cross-subject recognition accuracy of the three subjects (subject1, subject2 and subject3) based on RF, SVM, KNN and NN models is determined.

Fig. 8. Recognition results of 6 models with different SNR.
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of DAE-LSTM were 90.12 % (subject 1), 91.08 % (subject 2), and
90.03 % (subject 3). The other models achieved cross-subject recogni-
tion results below 90 %. Among them, NN showed better recognition
effect than RF, SVM and KNN, 88.4 % (subject 1), 89.6 % (subject 2) and
88.4 % (subject 3), respectively. The DAE-LSTM model showed stronger
cross-subject recognition ability. The reason may be that the LSTM
module had ability to extract features, while traditional classification
models relied more on manual feature extraction and resulting in loss of
some features [24]. Liu et al. used LSTM to identify the four gait types
based on the sEMG signal and achieved high recognition accuracy [25].
The method proposed in this study can reach a high technical level in
cross-subject recognition results. It can provide a good reference for the
future development of this field.

In this study, the IMU signals acquisition frequency is 200 Hz. In
other words, the sampling interval between each frame of data is 5 ms.
Real-time recognition requires signal processing and model recognition
of the previous frame of data within the sampling interval. The results
show that the average recognition time of DAE-LSTM for each frame of
data is much less than 5 ms. This means that the algorithm can recognize
the corresponding gait phase of the frame data by 0.383 ms after
receiving the new data. This new data can be either within the same
phase or transitional data between adjacent phases. Therefore, the
proposed algorithm has the potential of real-time recognition.

4.2. Model robustness

We artificially added different proportions of white Gaussian noise to
the cross-subject group signals [26]. The selected SNR values range from
100:0.1–100:20. This is to simulate a variety of real-world scenarios,
from high quality data to strong noise data, in order to comprehensively
evaluate the robustness of the algorithm. These SNR values cover the
noise range from very small to very large, and are consistent with the
noise levels that IMU signals may be subjected to in practical applica-
tions. Then, experiments are performed in offline mode (The process of
evaluating the input of pre-recorded test set data containing noise into
the model.) to conduct robust analysis of the model. As can be seen from
Fig. 8, the average recognition accuracy of the model decreases with the
increase of noise. The proposed DAE-LSTM model still maintains a
recognition accuracy of 90.0 % when the SNR value is 100:1, while the
accuracy of the other five models is lower than 90 %. With the increase
of noise, when SNR is 100:20, the accuracy of DAE-LSTM model is
80.1 %, while that of other models is 76.8 % (LSTM), 73.6 % (NN),
75.5 % (KNN), 66.4 % (SVM) and 69.3 % (RF), respectively. To evaluate
the performance of the DAE-LSTMmodel versus a separate LSTMmodel,
an ablation experiment was performed. As can be seen from Fig. 8, when
the SNR is greater than 100:1, there is little difference in recognition
accuracy between the twomodels. This is because less noise is added and
the effect on the original signal is not obvious. When the SNR is less than
100:1, the difference in recognition accuracy between the two models
becomes greater. When adding more noise, the trained DAE can

reconstruct signals similar to the original signals to a certain extent.
Compared with the single LSTM model, the DAE-LSTM model has the
ability to reconstruct noise, so it has more advantages in recognizing
signals containing certain noise. To make the results more convincing,
we added the paired T-test results to prove that the robustness of
DAE-LSTM is significantly better than other models. Specifically, we
performed a paired T-test for accuracy results across all noise levels
(SNR Settings) to assess the significance of performance differences
between DAE-LSTM and other models. Through calculation, the P value
of DAE-LSTM and LSTM is 0.021, and the P value of DAE-LSTM and
other four models is about 0.00001. The results showed that the accu-
racy of DAE-LSTM compared with other models at all SNR levels was
statistically significant (P < 0.05). To sum up, for signals with different
SNR settings, the offline recognition accuracy of the proposed
DAE-LSTMmodel is higher than that of the other four models, and it has
better robustness.

4.3. Performance comparison

As far as we know, the research on lateral walking gait recognition is
almost blank. The first current research in this field is our previous work
[9]. However, our previous work only identified lateral walking gaits
with fixed stride length. It is considered that there are some differences
in the lateral stride length and speed of different people. In this study, we
explored the identification of lateral walking gaits at three stride lengths
and three speeds. As shown in Fig. 10(a), the previous work used a
traditional model. The average cross-subject recognition accuracy of the
model is 89.63 % on the data with fixed strid e length and three speeds.
On the basis of previous studies, the gait recognition algorithm is opti-
mized and improved according to the time characteristics of data. Under
three stride lengths and three speeds, the average cross-subject recog-
nition accuracy of the DAE-LSTM model reaches 90.41 %, which pro-
vides better recognition performance support for the development of
lateral walking gait recognition.

As shown in Fig. 10(b), we also compare the model recognition time
of this study with that of previous work. We can see that the previous
model had an average recognition time of 5.7 ms per frame of data. On
the basis of previous studies, the average recognition time of each frame
of data by the DAE-LSTM model in this study can reach 0.38 ms.
Compared with the previous work, the time performance of the model is
improved by 5.32 ms. This has great significance for the real time
requirement of exoskeleton. The reason for this may be that the previous
model was a simple machine learning algorithm similar to KNN. The
output is predicted mainly based on the new data’s nearest neighbors in
the training set. For time series data, KNN typically converts the data
into a fixed-size window and queries each new sample with its nearest
training sample. The recognition time depends mainly on the size and
number of data points, and the number of neighbors (K value). In gen-
eral, the recognition time of KNN is proportional to the size of the
training data set because each new sample needs to be searched and
computed. The DAE-LSTM in this study is a complex deep learning
model, which is particularly suitable for processing and predicting
series-dependent problems in time series data. DAE-LSTM predicts
future values of time series by learning long-term dependencies. Even if
the amount of data is large, as long as the model has adapted to the data
pattern during the training phase, the time to predict a single sample is
usually not too long, especially for the model that has already been
trained.

Forward walking and lateral walking are similar in many basic
biomechanical properties, but there are also significant differences. In
terms of gait phase and gait periodicity, both forward walking and
lateral walking contain basic gait phases, such as support phase and
swing phase. In addition, both exhibit a cyclical movement pattern in
which walking is completed through repetitive movements of the lower
limbs. In terms of movement direction and application scenarios, for-
ward walking is mainly to move in the front and back direction of the

Fig. 9. Cross-subject recognition accuracy based on Five models.
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body, which is a common way of daily walking. Lateral walking, how-
ever, is mainly a lateral movement along the body, with more emphasis
on horizontal balance, and is usually used in specific scenarios such as
rehabilitation training or sports training. In terms of muscle activation,
forward walking has significant activation effect on hip flexor extensor
muscle. Lateral walking relies more on the activation of the hip abductor
muscle to control lateral stability.

We also analyze and discuss the results of lateral walking gait
recognition based on IMU signal and the latest results of forward
walking gait recognition. Guo et al. proposed an automatic and robust
recognition method for gait phases across multiple walks and different
walking speeds based on temporal convolutional networks (TCN). Cross-
subject experiments were carried out by walking on the ground and
walking on a treadmill, and the accuracy of recognition was 0.7693
± 0.082 and 0.7607 ± 0.078, respectively [31]. Mohamed et al. propose
a hybrid approach to establish a posterior belief by combining prior
biomechanical signal knowledge, heuristics, and pattern recognition,
using kinematic feedback from four inertial measurement units (IMUs)
to form an open source dataset for validation and benchbreaking of
short-long-termmemory (LSTM)models. Experimental results show that
the average online accuracy of invisible objects is 97.94 % [32]. From
the above latest research results on forward gait recognition, we can see
that there are relatively mature research results on forward gait recog-
nition, and they show high accuracy and model performance, indicating
that the deep learning method based on IMU data has high potential. As
a relatively new research field, the difficulty of transverse gait recog-
nition is mainly due to its special motion direction, gait phase charac-
teristics and less research basis. This indicates that the research results of
forward gait recognition can provide valuable reference and method-
ology support for lateral gait recognition in the future.

In addition to IMU-based gait recognition, we acknowledge that
vision-based gait recognition has gained significant attention in recent
years. For example, Wang et al. proposed a novel event-based gait
recognition method, which uses two different representations of event
streams: graph-based and image-based. These representations are pro-
cessed by Graph Convolutional Networks (GCN) and Convolutional
Neural Networks (CNN) for gait recognition. The methods, named EV-
Gait-3DGraph and EV-Gait-IMG, show that EV-Gait-3DGraph achieves
significantly higher recognition accuracy compared to other competing
methods when sufficient training samples are available [33]. Gu et al.
mapped noisy data from RGBD and wearable sensors to precise 4D
representations of the lower limbs and joints, obtained from an accurate
motion capture (Mocap) system. They proposed a series of deep archi-
tectures that encode cross-modal and cross-subject transfer for abnormal
gait recognition [34]. Zhao et al. used an embedded robotic camera to
capture leg motion data and conducted comparative tests and error
analysis to accurately describe gait patterns. They introduced a new

ESMF algorithm to precisely assess turn angles, effectively addressing
the issue of missing landmark points and recognizing drag gait and falls
[35]. Hu et al. proposed a novel Graph Convolutional Neural Network
(GCNN) architecture, where each video is represented as a directed
graph, with the FoG-related candidate regions as vertices, rather than
learning the overall video representation. They also introduced a weakly
supervised learning strategy and a weighted adjacency matrix estima-
tion layer to reduce the expensive data annotation required for fully
supervised learning. By identifying vertices that lead to FoG events, they
improved FoG detection performance [36]. In contrast, IMU-based gait
recognition offers significant advantages in terms of portability,
robustness, and usability for real-world applications like wearable exo-
skeletons. IMUs are less affected by environmental factors and can
provide continuous gait recognition with minimal computational over-
head. In future work, we plan to explore multi-modal approaches that
combine visual and IMU data to improve gait phase recognition accu-
racy. This could provide a more comprehensive solution for exoskeleton
control and rehabilitation applications.

4.4. Limitation

The proposed DAE-LSTM model achieves good recognition accuracy
and strong robustness. However, it has certain limitations. Although the
dataset includes lateral gait data with asynchronous stride length and
speed, there is still room for improvement in dataset size and subject
diversity. In the future, we will expand the dataset by including more
subjects with different genders, ages, and body types. Additionally,
further algorithmic refinements will be made to enhance robustness and
applicability. The Kalman filter used in this study effectively optimizes
IMU signals. However, the filtering process inevitably leads to the loss of
some signal details. To address this, we plan to explore alternative
filtering methods to minimize signal loss in future work. While the
model demonstrates good overall recognition accuracy across subjects,
its accuracy in recognizing specific gait phases requires further
improvement. Stride length and hip range of motion during lateral
walking may also affect gait recognition accuracy and the efficiency of
exoskeleton control. Finally, this study evaluates the model’s perfor-
mance in an offline setting. In future work, we plan to deploy the model
in an exoskeleton system and optimize it for real-time validation in real-
world scenarios.

5. Conclusion

In this study, we used the IMUs to collect the attitude information of
lateral walking gait. Given the time-dependent performance of lateral
gait and the perturbed characteristics of IMU signals, we proposed the
first algorithm for lateral walking gait recognition (DAE-LSTM). The

Fig. 10. Performance comparison between DAE-LSTM (Three strides and three speeds) and previous work (Fixed stride and three speeds). (a) Comparison of cross-
subject recognition accuracy between previous work and DAE-LSTM. (b) Comparison of model recognition time between previous work and DAE-LSTM.
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lateral walking gait phases at three speeds and three strides were iden-
tified. Compared to RF, SVM, KNN and NN, the proposed method can
achieve the requirements of recognition accuracy, model recognition
time and model robustness at the same time. This study provides a
preliminary exploration of lateral walking gait recognition and can be
applied to a team-designed exoskeleton for lateral resistance walk ex-
ercise. In future work, we plan to embed the method proposed in this
paper into the exoskeleton system for lateral resistance walking training,
collect the user’s IMU data in real time, identify the gait phase in real
time through the algorithm, and transmit the recognition results to the
exoskeleton controller to control the corresponding speed and torque
output by the motor, so as to achieve accurate control and synchroni-
zation of the exoskeleton. Future exoskeleton tests will further verify the
performance of the algorithm in terms of real-time, control accuracy and
stability.In addition, we plan to explore the application of the algorithm
in other lateral motion modes, such as gait analysis in athlete training
and gait monitoring in assistive devices for the elderly. This will further
verify the generality and practical value of the proposed method.
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