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ARTICLE INFO ABSTRACT

Keywords: Gait pattern classification is important for healthcare. Conventional machine learning (CML) approaches based
Accelerometers on handcrafted gait features are widely used in gait classification. However, extracting features may lead to
Ageing

suboptimal performance by omitting useful features. End-to-end deep learning (DL) approaches eliminate the
need for feature extraction. However, some state-of-the-art DL approaches have not been explored in gait
analysis. Furthermore, no consensus exists regarding the window sizes of input acceleration, which affects
classification accuracy. In this study, data were collected from one accelerometer during a 3-minute indoor
walking task. A total of 267 participants were divided into adults (18-65 years) and older adults (>65) groups.
To explore age-related gait patterns classification performance, 5 DL approaches based on raw data and 4 CML
approaches based on handcrafted features were compared. The results show that DL outperformed CML, with all
AUC (Area under the receiver operator curve) greater than 0.94 compared to the best CML approach of 0.83. This
suggests that DL may have learned important gait features related to aging that have not yet been identified by
previous research. Furthermore, windows of different sizes ranging from 128 to 5120 samples were tested. The
best performance of DL was achieved at a window size of 1024 (including about 20 steps). These findings
indicate that the differences and relationship between gait cycles are important factors for classifying age-related
gait patterns. This study could contribute to the development of more accurate gait pattern classification and
assist in detecting age-related gait patterns in clinical environments.

Deep learning
Gait classification
Machine learning

1. Introduction

Walking is one of the most common repetitive activities of humans.
Gait patterns have been acknowledged as a potential biomarker for fall
risk, Parkinson’s disease and ageing [1]. Adaptive gait patterns of
healthy individuals are the result of the delicate control and coordina-
tion of various systems, such as the central nervous and musculoskeletal
systems. Therefore, gait analysis plays a crucial role in gait monitoring
and abnormalities recognition, clinical interventions assessment, and
rehabilitation programs [2,3].

Accelerometers have been widely used in gait assessment in clinical
and daily-living environments [3]. From accelerometer signals,
comprehensive sets of gait features are calculated, such as spatial,
temporal, and dynamic outcomes [4-6] to characterize the alterations in
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gait patterns. For instance, results from gait analysis revealed that
geriatric patients exhibit slower walking speeds accompanied by less
regular, less predictable, and less local stable gait patterns compared
with healthy older adults [7]. In older adults (>65 years), to avoid falls
and increase stability, compensatory gait patterns have been observed,
including lower walking speed, shorter step length, and larger step
width compared to young controls [8]. The changes in gait patterns due
to aging or pathology allow for classification of different populations
based on gait features [9].

Between many gait features, temporal dependencies (e.g., between
walking speed and step frequency) and non-linear interactions (e.g.,
between walking speed and local dynamic stability) exist [10,11].
Conventional machine learning (CML) approaches can capture the
linear dependencies and non-linear interactions between gait features,
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and have been comprehensively explored and successfully applied to
classify pathological gait patterns and age-related gait patterns [12].
Support vector machine (SVM) and random forest (RF) are often-used
supervised CML approaches in gait analysis [5,13]. A recent study
explored the performance of 6 CML approaches (linear discriminant
analysis, logistic regression (LR), naive bayes (NB), SVM, k-nearest
neighbor (KNN), and RF) in classifying fallers from non-fallers based on
gait features [14]. RF achieved an optimal classification accuracy of
98%. An artificial neural network (ANN) model classifies geriatric pa-
tients with an accuracy of 96% by incorporating the interaction between
clinical and gait variables [15]. Similar, the accurate classification of
freezing of gait, a common gait characteristic seen in patients with
Parkinson’s disease, has been studied by comparing 6 different CML
learning approaches, namely KNN, RF, LR, NB, multilayer perceptron
(MLP), and SVM [16]. The results show that SVM was the optimal
classifier with 89.6% on the geometric mean of sensitivity (87.4%) and
specificity (91.7%), compared to MLP, the second best classifier, which
achieved 85.16%.

Although the above studies demonstrate that gait classification
benefits from CML approaches, there are several drawbacks of these
CML approaches for clinical application. First, they rely on handcrafted
gait features for the input. The design and selection of handcrafted gait
features requires expert knowledge and may omit some important fea-
tures leading to suboptimal performance. Second, the calculation of gait
features is performed most often offline and is laborious [4]. Third, to
obtain stable and accurate gait features, such as maximum Lyapunov
index as an index of stability, some strict signal requirements need to be
met, e.g., regarding signal length and sample frequency, which may
hamper clinical applications [17].

Unlike CML approaches, deep learning (DL) approaches include
feature extraction as a part of the model and can learn suitable features
from the raw data automatically. Apart from this, the multiple pro-
cessing layers of DL approaches allow the progressive extraction of
higher-level features from the accelerometer signal [18]. Moreover, DL
approaches have been shown to outperform CML approaches in several
fields (e.g., visual recognition and text analytics), especially in time
series classification tasks [19]. In order to eliminate the need of hand-
crafted features and improve classification performance, DL approaches
have been explored for clinical gait classification [20-24]. For instance,
recurrent neural network (RNN) models (long short-term memory
(LSTM) and bidirectional LSTM (BiLSTM)) have been applied on IMU
(inertial measurement units; acceleration and gyro) data obtained dur-
ing 1-minute walking to classify fallers and non-fallers in patients with
multiple sclerosis [22]. With a window size of 1 min, the results of this
study show that DL approach (BiLSTM) outperformed CML approaches,
SVM and LR, with 0.88 area under the receiver operator curve (AUC),
compared to the best performance of CML which was 0.79. For classi-
fication into fallers and non-fallers based on acceleration data during
daily life, the performance of LSTM and gated recurrent unit (GRU) was
compared using a 1.28-second window size. Both LSTM and GRU pro-
vided classification results around 0.96 accuracy [23].

The studies mentioned above show the potential of DL, especially
RNN, for gait analysis. However, other state-of-the-art DL approaches (e.
g., convolutional neural network (CNN) and hybrid neural network
(HNN)) are not included [25]. RNN is capable of learning temporal re-
lationships from accelerometer data, while CNN is widely known for its
feature extraction capability and has been extensively used in time series
classification tasks [25]. The combination of the deep structures of CNN
and RNN called HNN, such as convolutional LSTM (ConvLSTM), may
benefit from both advantages. These models have been successfully
employed in some tasks similar to gait patterns classification, such as
human activity recognition (HAR) based on inertial sensors [26].
Moreover, window size is discussed in other fields, such as in HAR [27]
but not in gait analysis yet.

Considering the cyclic nature of walking, with repetitive gait cycles
(spatio-temporal characteristics of swing and stand-phases), the choice
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of the window size and time span is crucial, since it will affect classifi-
cation results. Additionally, in a given time window, different step fre-
quencies from participants may lead to disparities in the number of
steps, which may, in turn, impact other gait features, and result in an
unfair comparison between participants. To mitigate these potential
biases, acceleration data can be normalized based on participant’s step
frequency. This normalization process serves to standardize the number
of steps within each time window, thereby facilitating more accurate
and equitable comparisons between participants.

This study aims to compare different CML and DL approaches to
classify age groups (adults vs. older adults) based on acceleration time-
series obtained during 3-minute walking. More specifically, we will: 1)
compare the classification performance of DL approaches (CNN, LSTM,
GRU, and ConvLSTM) based on acceleration time-series data with CML
approaches (RF, SVM, NB, and KNN) that use handcrafted gait features
as input; 2) explore how window size affects the classification results in
DL approaches; 3) study the effect of step frequency in DL classification
by normalizing the data in the time window by step frequency.

2. Methods
2.1. Participants, equipment, and data collection

Accelerometer data obtained during walking from different studies
[7,28-31] were pooled to create the present dataset. Herein 267 out of
394 participants were included in this study. Participants were excluded
because of cognitive impairment (n = 104), no walking data (n = 19;
power spectrum values smaller than 0.5HZ), and insufficient length of
walking data (n = 4; less than 100s walking data within the 3-minute
recording). Participants were divided into two sub-groups: the adult
group (18-65) (74:56, Female: Male; mean age 38.3, SD: 15.5), the older
adult group (>65) (60:77, Female: Male; mean age 77.1, SD: 6.1). Par-
ticipants were asked to walk for 3 minutes at a comfortable walking
speed. During walking, one 3-axes accelerometer (iPod, dynamic range
=+ 3g; Dynaport, dynamic range £ 8 g; or ActiGraph, dynamic range +
6g; 100Hz sampling frequency) was fixed with a belt near the level of
lumbar segment L3. In the standing upright position, the 3D acceler-
ometer measures acceleration in three-dimensional space as follow:

e X-axis: Represents the vertical direction, pointing downward.

e Y-axis: Indicates the anteroposterior (back-to-front) direction, facing
the walking direction.

e Z-axis: Represents the mediolateral (side-to-side) direction, extend-
ing from left to right perpendicular to the walking direction.

Data were collected at the University Medical Centre Groningen
(2012-2022) and Slotervaart Hospital (2008-2018), with approval from
their respective Medical Ethical Committees. Slotervaart Hospital closed
in 2018, and all data collection there occurred prior to its closure. All
participants provided written informed consent. This study was con-
ducted in accordance with the principles of the Declaration of Helsinki.

2.2. Data preprocessing

A median filter (with window size of 5 samples) was used to remove
spike noise and an additional low pass filter (4th order Butterworth
cutoff frequency 20Hz) was applied to remove the high frequency noise.
To remove the data collected during the sensor installation or unin-
stallation, the first and last 5s of data were discarded. To ensure that
only walking data were included in the analysis, data recorded during
turning were removed. During turns, gait speed decreases significantly,
typically for at least several seconds, resulting in lower accelerometer
readings across all three axes. By setting participant-specific experi-
mental thresholds for sensor readings and time, turning data can be
easily identified based on these lower values.



X. Zheng et al.
2.3. Segmentation and datasets splitting

In order to extract accurate gait features (e.g., maximum Lyapunov
exponent and sample entropy), longer accelerometer signal series are
needed. Therefore, 1024-sample window size was used. To enable a fair
comparison between CML and DL approaches, the filtered walking
accelerometer data of each participant were split into windows of 1024-
samples.

Each participant was randomly sorted into training, testing, and
validation sets (186: 54: 27). The splitting algorithm ensured that the
same proportion of adults and older adults was assigned to each of the
sets. The length of segments varied per participant. To ensure fair rep-
resentation of each participant and to maximize data utilization, 10
segments were randomly sampled from each participant’s data.

To study the impact of window size on the classification performance
of DL approaches, various window sizes, including 128, 256, 1024,
2048, and 5120 samples, were compared.

To investigate the impact of step frequency on DL in gait classifica-
tion, the approximate number of steps within each segment under the
same window was kept consistent. Hence, the number of data points for
one step of each participant should be calculated first. For participant i,
the averaged step frequency f; was calculated using a fast Fourier
transform based on the root mean square of the corresponding walking
accelerometer data (across all segments). So, the length of one step in
data points was defined as s;,

%x 100, €h)

Si =

where 100 was the sampling frequency.

In 128-sample window size, the data points within the range of [0,
1.2s;] were selected. Because the step frequency tends to vary slightly
during walking and to ensure that the data points of one complete step
were included, the experimental coefficient 1.2 was used in this window
size. Then these data points were interpolated by a 1-D smoothing spline
(with a smoothing factor 0) into a size of 128 to replace the corre-
sponding segments. For other window sizes, the coefficients were set as

windowsize »
128
For example, with a window size of 256, a coefficient of 2.4 was

applied, meaning that data points within the range of [0, 2.4s;] were
selected and interpolated to a length of 256.

coefficient = 1.2. 2)

2.4. Deep learning

In this study, the entire dataset was normalized across each segment.
Min-max normalization of each segment was performed separately for
each axis.

1) Convolutional Neural Network (CNN) is one of the earliest suc-
cessfully used DL approaches. Because of its excellent capacity for
feature extraction, it has been widely used for human movement
recognition [32]. CNN includes two parts: 1) convolution layer and
pooling layer for feature extraction; 2) fully connected layer and de-
tector layer for classification. These layers can be stacked to form a deep
CNN.

2) Recurrent Neural Network (RNN) is a family of neural networks
that have recurrent connections. The recurrent connections enable RNN
to keep the “memory” from the input of the previous moment and use it
to influence the output of the current input. Because it can learn
sequential dependencies, RNN outperforms in dealing with sequential
problems compared with general neural networks. Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU) are the two mostly
used variants of the RNN architecture in movement recognition [26].
LSTM has memory cells comprising inputs, forget, and outputs gates to
control store or forget information. GRU has a similar gated structure to
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adaptively capture sequential dependencies, and it is more computa-
tionally efficient than LSTM. Bi-Directional LSTM (BiLSTM) is a variant
of sequentially stacked LSTM layers. It has two hidden states that allow
the model to use information from the past and the future, of each input,
which has been shown to improve performance for some classification
tasks [22].

3) Hybrid Models such as ConvLSTM combine the deep structures of
CNN and LSTM. CNN are known for their feature extraction capability
and LSTM is capable of learning temporal dynamics. In order to obtain
the dual advantages of CNN and LSTM, hybrid models are proposed.

To further improve generalization performance, dropout and early
stopping regularization techniques were used. Dropout removes non-
output units randomly from the network. Thus, the dropout technique
can reduce the scale and complexity of the neural network and even-
tually avoid overfitting. Early stopping is a simple regularization tech-
nique. It will stop the training when the validation error which is used as
an estimate of the generalization error has no improvement in k epochs.

2.5. Conventional machine learning

In order to compare the performance of DL approaches based on
acceleration signal with methods based on gait feature input, 4 different
CML approaches [5] were employed, including nonlinear models (Sup-
port Vector Machine (SVM), Naive Bayes (NB), K-Nearest Neighborhood
(KNN)) and tree ensemble models (Random Forest (RF)).

Herein 36 gait features were extracted from the accelerometer data
and used to train the CML approaches. These gait features represent the
pace (walking speed, stride length, stride time, stride frequency, and
acceleration root mean square), regularity (stride regularity and gait
symmetry index), smoothness (index of harmonicity and harmonic
ratio), predictability (sample entropy), and stability (maximal Lyapunov
exponent, maximal Lyapunov exponent normalized per stride by time)
of gait and have been described previously [5,28]. The gait features
were normalized using min-max normalization, followed by dimen-
sionality reduction through kernel principal component analysis
(KPCA). To increase generalization, the parameters from the training
dataset were utilized to normalize the testing and validation datasets.

2.6. Fine-tuning

The classification performance of ML approaches, especially DL ap-
proaches, is highly sensitive to the hyperparameter setting. The
conventionally used 5-fold cross validation and randomized search has
been widely used to find the best hyperparameters for CML approaches.
However, for DL approaches and big datasets, cross validation which
repeats training iterations would lead to exploding computation costs.
Hence, it is important to find the global optimum in a minimum number
of steps. Bayesian Optimization (BO) has become a state-of-the-art so-
lution [33]. It incorporates prior performance of the hyperparameters
and updates the new hyperparameters to achieve better performance.
Bayesian optimization uses an acquisition function that directs sampling
to areas where an improvement over the current best observation is
likely. Thus, in this study, BO was used to find the best hyperparameters
based on validation data for the DL and CML approaches. For each
approach, 18 parameter combination trails were searched.

2.7. Hyperparameter space

The details of the hyperparameter space of CML approaches for BO
are as follows:

SVM) The “rbf” kernel was used. The box constraint parameter (C)
was varied from 1 to 250. The degree was set from 1 to 50. The gamma
was set from values 0.01 to 10 with increments of 0.05. The “True” and
“False” shrinking were also considered.

NB) The portion of the largest variance of all features was set from
—11 to —7 power of 10 with —10 power of 10 step.
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KNN) The number of neighbors was varied from 1 to 15. Different
algorithms which compute the nearest neighbors were explored,
“ball_tree”, “kd_tree”, and “brute”. The weight functions “uniform” and
“distance”, were explored.

RF) Different numbers of trees in the range of 10-1000 with in-
crements of 10 were explored. For the trees, the hyperparameters were
set as: the number of maximum depth varied from 3 to 25; the maximum
number of leaf nodes was varied from 5 to 50. The minimum number of
samples required to be at a leaf node was varied between 5 and 50.

The structure of DP approaches is shown in Fig. 1. After the input
layer, the optimal number of the deep learning layer stack was tuned by
BO. Each stack consists of a Deep layer (ConvlD, GRU, LSTM,
Bidirectional-LSTM, or ConvLSTM2D layer) to extract features, a Batch
Normalization layer to make the training faster and more stable, a
Pooling layer to reduce the number of parameters, and a Dropout layer
to avoid overfitting. Then, a Dense layer was used to fully connect the
output of the previous layers and a flatten layer was used to flatten the
dimensions of the output. Another Dropout layer was added after the
flatten layer. The final layer was an output layer which was a combi-
nation of a Dense layer and a softmax activation. This Dense layer had 2
units to classify the output into 2 classes. The hyperparameter space of
DL approaches for BO is shown in Table 1.

2.8. Evaluation

Classification performance was evaluated using the testing data, with
commonly used evaluation metrics accuracy, recall (sensitivity), preci-
sion, and F1 score (harmonic mean of sensitivity and precision). The
receiver operating characteristic curves were compiled, and the AUC
was reported.

To allow for the verification and reproduction of results, the project
repository has been made publicly available (https://github.com/xzh
eng93/Age-related_gait_classification). It includes the source code, the
processed dataset, log files of all the experiments, and optimal models
for each approach. The overall data processing pipeline is illustrated in

Input Layer

[ Deep Layer )
(Conv1D/GRU/LSTM/
Bidirectional(LSTM)

| |

| |

| |

~z | |

Q | /ConvLSTM2d ) ‘
(a0]

3 | ——y
o | BatchNormalization —
S | ' x

a | Pooling Layer |

| * |

| |

| |

| |

Dropout Layer
\ (Nan/[0.1,0.9])

Dense Layer
(2, 624/768))

Flatten+ Layer

Dropout Layer
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Output layer
2 urfx?s, somzax)

Fig. 1. General architecture of the deep learning approaches used in this study.
A detailed description of the individual layers can be found in Table 1. Conv1D:
1-dimensional convolution neural network; GRU: gated recurrent unit; LSTM:
long short-term memory; ConvLSTM2d: 2-dimensional convolution long short-
term memory.
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Fig. 2.
3. Results

After hyperparameter tuning based on the validation data, the best
architectures and hyperparameters of each approach and the tuning logs
were stored and can be found in https://github.com/xzheng93/Age-re
lated_gait_classification/tree/main/result/logs.

3.1. Classification performance comparison for 1024 window size

The complete list of performance metrics calculated for each ap-
proaches based on a window size is depicted in Table 2. With F1-scores
ranging from 0.86 to 0.9, the DL approaches outperformed the CML
approaches (F1 scores ranging from 0.69 to 0.74).

To enable an in-depth look at the individual performance of the
classifiers, their confusion matrices are presented in Fig. 3 and Fig. 4.
GRU achieved the highest overall accuracy (89.3%) and was able to
correctly classify 82.3% and 95.7% of the adult and older adult samples,
respectively. With 73.9% and 73.5%, SVM and RF achieved the highest
accuracies among the CML approaches. The difference in accuracy be-
tween the DL approach with the highest accuracy and the CML approach
with the highest accuracy was 15.4%.

To further demonstrate the characteristics of the classifiers, the ROC
curves are presented in Fig. 5. As depicted in Fig. 5, all DL approaches
had an AUC higher than 0.94, while the CML classifiers only achieved
AUC values of 0.75 to 0.83.

3.2. The effect of different window sizes and step frequency on DL

The mean step frequencies for the adult and older adult groups were
1.72 (SD: 0.08) and 1.97 (SD: 0.20) step/second, respectively. Given
window sizes ranging from 128 to 5120 samples, each segment may
include approximately 1, 4, 8, 20, 35, and 88 steps.

The different window sizes for the DL approaches were investigated
and the AUC results are shown in Fig. 6 (a). Additional accuracy metrics
can be found in Appendix A. To represent the performance of convolu-
tional, recurrent, and hybrid models, CNN, GRU, and ConvLSTM were
selected, respectively. When the window size increased from 128 to
1024, the performance of GRU and ConvLSTM improved, while the
performance of CNN fluctuated with the window sizes. However, when
the window sizes increased to 2048 and 5120, the AUC values decreased
in all approaches, especially in CNN. This may be attributed to the
decreased number of segments resulting from larger window sizes.
Specifically, as the window size increased from 128 to 5120, the number
of segments sharply decreased from 26,700 to 534.

The classification results based on step frequency normalization data
are shown in Fig. 6 (b) (details in the Appendix B). All approaches
exhibited a similar trend as with raw data. CNN and GRU achieved
comparable results compared to raw data, while ConvLSTM showed
slightly worse performance.

4. Discussion

This study compared the classification performance of 5 DL and 4
CML approaches in classifying age-related gait patterns in healthy adults
based on acceleration time-series data collected by one 3D-accelerom-
eter for a 3-minute walk. The results show that DL approaches ach-
ieved better classification performance by a remarkable margin (all AUC
greater than 0.94 for DL vs. 0.83 for SVM (best in CML)). The study also
explored the effective window size for DL and studied the effect of step
frequency on DL classification. It was found that when the window size
increased from 128 to 1024, the classification performance of GRU and
ConvLSTM increased, while the performance of CNN fluctuated. How-
ever, when the window sizes were larger than 1024, the performance of
all DL approaches decreased. Based on the normalized gait data, CNN
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Table 1
Hyperparameters space for deep learning approaches.
Layer Parameters CNN GRU LSTM BiLSTM ConvLSTM
Input
Stack Stack number 1-3
Deep layer Layer name ConvlD GRU LSTM Bidirectional ConvLSTM2D
(LSTM)
Unit/ Filter [2, 768] [2, 624]
Kernel size [1,15] — [1,8]
- Activation “ReLU” “tanh”
Batch -
Normalization
Pooling Kernel size - [1,8]
Dropout Rate Nan or [0.1, 0.9]
Dense Unit [2, 768] [2, 624]
Flatten -
Dropout Rate Nan or [0.1, 0.9]
Output Dense 2 units and “softmax” activation

Learning rate [1e-5, 1e-2]

CNN: convolutional neural network; GRU: gate recurrent unit; LSTM: long short-term memory; BiLSTM: bi-directional long short-term memory; ConvLSTM: con-
volutional long short-term memory; ReLU: rectified linear unit; tanh: hyperbolic tangent function.

\
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‘Hyper parameters’
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T
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Fig. 2. Data processing pipeline for age-related gait patterns classification. KPCA: kernel principal component analysis; CNN: convolutional neural network; GRU:
gate recurrent unit; LSTM: long short-term memory; BiLSTM: bi-directional long short-term memory; ConvLSTM: convolutional long short-term memory; SVM:
support vector machine; NB: naive bayes; KNN: k-nearest neighborhood; RF: random forest.

Table 2
The performance metrics of DL and CML approaches.

Models Acc Pre Recall F1 AUC

Deep learning CNN 0.88 0.83 0.98 0.90 0.96
LSTM 0.85 0.81 0.94 0.87 0.94

GRU 0.89 0.85 0.96 0.90 0.96

BiLSTM 0.87 0.84 0.93 0.88 0.94

ConvLSTM 0.85 0.85 0.86 0.86  0.95

Conventional machine SVM 0.74 0.74 0.74 0.74 0.83
learning NB 0.72 0.74 0.72 0.72 0.75
KNN 0.68 0.79 0.68 0.69 0.76

RF 0.74 074 0.74 0.74  0.82

CNN: convolutional neural network; GRU: gate recurrent unit; LSTM: long short-
term memory; BiLSTM: bi-directional long short-term memory; ConvLSTM:
convolutional long short-term memory; SVM: support vector machine; NB: naive
bayes; KNN: k-nearest neighborhood; RF: random forest.

and GRU exhibited a similar trend and performance as with raw data,
while ConvLSTM showed slightly worse performance.

In this study, DL approaches exhibited superior performance
compared to CML approaches for the 1024-sample window size. This
can be attributed to two main reasons. First, DL has superior learning
capabilities. By using multi stacks of simple layers, DL is able to model a
high degree of nonlinearity in the input data. Second, DL has better
features extraction capacity and is able to select the most suitable

features for classification because of its end-to-end characteristic which
integrates feature extraction, selection, and classification within a neu-
ral network model [26]. DL can learn large amounts of features from raw
data, including high-level features constructed from features learned in
lower layers [18]. In contrast, CML approaches rely on handcrafted gait
features that require domain expertise and may miss some useful fea-
tures [34]. Although this study considered a comprehensive set of gait
features, including pace, regularity, smoothness, and stability, the sub-
stantial performance gap between DL and CML suggests that important
features reflecting changes in gait due to aging may not have been
included in the handcrafted features. Furthermore, the better perfor-
mance of DL suggests that handcrafted gait features are not necessary for
age-related gait pattern classification.

Signal segmentation plays a crucial role for gait classification as it
not only affects the classification performance [35], but also helps to
understand how the data size and time span influence the classification
results [27]. GRU is a kind of RNN approach and is designed to learn
both short- and long-term dependent features [26]. ConvLSTM com-
bines CNN and RNN structures and is expected to benefit from larger
window sizes, since bigger window sizes provide richer features, espe-
cially time-dependent features, which are valuable for gait analysis. The
AUC scores of GRU and ConvLSTM show remarkable increases when the
window size increases from 128 (including about 1 step) to 1024
(including about 20 steps). Although walking is a repeating activity, the
relationship and slight differences between gait cycles may disclose the



X. Zheng et al.

Accuracy=88.3%

78.5%
204

True label
Adult

Older adult

Adult Older adult Adult
Predicted label

(a) CNN

Accuracy=87.2%

True label
Adult

Older adult

Adult Older adult

Predicted label

(d) biLSTM

Accuracy=85.4%

Predicted label

(b) LSTM

Biomedical Signal Processing and Control 104 (2025) 107406

Accuracy=89.3%

100

percentage [%)

Older adult
Predicted label

Older adult

percentage %]

Older adult
Predicted label

(e) ConvLSTM

Fig. 3. Confusion matrices of DL approaches: (a) CNN, (b) LSTM, (c) GRU, (d) BiLSTM, (e) ConvLSTM. For testing, 54 participants and their corresponding 10
segments (n = 540) were used. A: adult group (n = 26); OA: older adult group (n = 28). CNN: convolutional neural network; GRU: gate recurrent unit; LSTM: long
short-term memory; BiLSTM: bi-directional long short-term memory; ConvLSTM: convolutional long short-term memory.

postural control ability of participants. Changes in postural control due
to aging are associated with alterations in sensory, musculoskeletal, and
neuromuscular systems [36]. Gait analysis shows that because of the
decrease of postural control capacity, older adults have less regularity
and higher variability [37], lower local stability (higher largest Lyapu-
nov exponent) [38], worse gait symmetry (lower symmetry index) [39],
and less complexity (lower sample entropy) in gait [40]. These gait
features are designed to measure the time dependent changes of gait
cycles. Therefore, a larger window size contains this kind of information
and may allow GRU and ConvLSTM to discriminate age groups. The
sharp improvements of GRU and ConvLSTM from 128- to 1024-sample
window size may indicate that the time dependent changes in gait cy-
cles are important for age-related gait pattern discrimination.

CNN is well known for its local temporal and spatial features
extraction capacity, allowing it to capture the repeating gait patterns in
the data and achieve good performance. However, it cannot learn long-
term dependencies from the data, which means that larger window sizes
may not provide additional features for CNN. Additionally, the accel-
erometer data in this study were collected from participants walking in a
straight and empty hallway without external perturbation. Thus, the gait
cycle is highly repetitive and presumably predictable, as evident by the
mean sample entropy values of 0.275. These may explain the small
fluctuations in classification performance among window sizes ranging
from 128 to 1024. For the 128-sample window size, CNN achieved ac-
curate performance (AUC = 0.94). This result may indicate that the
shape of one or two steps contains rich information that can be used to
discriminate the age-related gait patterns. Indeed, gait features such as
root mean square (gait intensity), rhythm (the proportion of stance and

swing phase), and harmonic index (the smoothness of the acceleration
curve) are designed to assess the shape of acceleration in gait, and have
been utilized to characterize different age population [40]. Therefore,
CNN specifically capture this type of information to discriminate the
age-related gait patterns.

When the window size increased beyond 1024, the number of seg-
ments decreased, leading to a decline in classification performance for
all approaches. Moreover, using a 5120-sample window size resulted in
an insufficient number of segments (n = 523), which decreased the
generalization of the model and led to a sharp decline in classification
performance. Despite this, GRU and ConvLSTM demonstrated only
slightly decreased performance, due to their ability to benefit from
longer data segments compared to CNN.

CNN and GRU exhibited similar classification performance with both
raw data and the normalization of segment data by step frequency.
ConvLSTM exhibited slightly inferior performance when using normal-
ized data compared to using raw data. This may be due to the normal-
ization process which excluded step frequency information and only
used partial data from the original segment. These results may indicate
that data normalization based on step frequency may not be necessary
for gait classification using DL.

In this study, all DL approaches achieved the best classification
performance with a 1024-sample window size (approximately 10s, 20
steps). This window size may also be applicable for gait pattern classi-
fication in daily living environments, where walking bouts are typically
short—60% of bouts last less than 30s, corresponding to approximately
24 to 60 steps, depending on a step frequency ranging from 0.8 to 2Hz
[41].
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5. Limitation

In this study, to ensure a fair comparison, the same total amount of
data was used for different window sizes, resulting in more segments for

shorter window sizes. The varying number of input segments may
potentially raise concerns about fair comparison. However, maintaining
a consistent number of segments across window sizes would have led to
unequal data input, as larger window sizes encompass more data. It
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term memory.

would create another issue of unfair comparison. Since the dataset size
used in this study is limited, it is not possible to further deduce whether
using a larger window size (e.g., 5120) would result in improved clas-
sification performance. Additionally, this research did not consider
other sampling frequencies, such as 30Hz or lower. For the suggested
window size which cover about 20 steps, a lower sampling frequency
would result in shorter data segments, while a higher frequency would
produce longer data segments. Future research is needed to better un-
derstand the impact of varying sampling frequencies on classification
performance. Apart from this, the proposed approaches should be vali-
dated on data recorded outside a lab environment before they are
deployed in a daily life environment. This step is necessary, because the
environment will influence walking (e.g., stride length variability [42]).

Although DL approaches yield promising results in age-related gait
pattern classification performance, the black-box nature of these ap-
proaches is often seen as a limitation for clinical application [37]. While
the underlying mathematical principles of these approaches are under-
stood, it is unclear why a particular prediction has been made. Addi-
tionally, features extracted by DL cannot be linked to physical
explanations and models. Identifying age-related gait features that have

not been covered by the current gait analysis may help to gain knowl-
edge about age-related changes and assist clinicians in identifying
people with altered gait patterns. Facing these challenges, the field of
explainable artificial intelligence has gained increasing attention in
recent years [43]. Further research should focus on determining the
justification of classification predictions and making the prediction
processes comprehensible to clinical experts. For the next step, popular
methods, such as Interpretable Model-Agnostic Explanation [44] and
SHapley Additive exPlanations [45], could be used to interpret and
explain DL in performing gait pattern classification. Lastly, validation of
these explainable models in real-world clinical settings will be crucial to
ensure their reliability and acceptance in the medical community.

6. Conclusion

This study compared 4 CML and 5 DL approaches for classifying the
age-related gait patterns of healthy adults, based on one accelerometer
sensor. The results show that DL approaches based on raw accelerometer
data outperformed the CML approaches based on handcrafted features.
This suggests that DL may have captured certain gait features related to



X. Zheng et al.

aging that were not previously reported. The investigation into the
impact of different window sizes on classification performance indicates
that the shape of acceleration and the relationship and differences be-
tween gait cycles are important factors for age-related gait pattern
classification. The results show that a 1024-sample window size was
suitable for gait pattern classification as it yielded the best performance
across all tested DL approaches. Notably, the study discovered that
normalizing data by step frequency did not improve classification per-
formance, suggesting that this step frequency normalization may not be
necessary in a healthy population.

The present study highlights the potential of DL approaches for
accurately classifying age-related gait patterns using accelerometer
data. The findings suggest that subtle variations and interconnections
between gait cycles, as well as the shape of one step acceleration are
important factors for age-related pattern classification, contributing to a
better understanding of the postural control changes associated with
aging. This study could serve as one of the first stepping stones towards
future studies towards the development of more accurate gait pattern
classification, facilitating abnormal gait patterns diagnosis in the clinical
environment and gait monitoring in the daily living environment.
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Appendix A. . Classification performance of DL approaches for different window sizes based on raw data

Table Al

The performance metrics of DL for the 128 sample-window size.
Models Accuracy Precision Recall F1-score AUC
CNN 0.87 0.83 0.94 0.88 0.94
GRU 0.81 0.78 0.89 0.83 0.90
ConvLSTM 0.84 0.79 0.95 0.86 0.90

Table A2

The performance metrics of DL for the 256 sample-window size.
Models Accuracy Precision Recall Fl1-score AUC
CNN 0.88 0.83 0.96 0.89 0.93
GRU 0.87 0.82 0.95 0.88 0.94
ConvLSTM 0.88 0.84 0.95 0.89 0.93

Table A3

The performance metrics of DL for the 512 sample-window size.
Models Accuracy Precision Recall Fl1-score AUC
CNN 0.86 0.84 0.90 0.87 0.94
GRU 0.86 0.88 0.86 0.87 0.95
ConvLSTM 0.89 0.85 0.94 0.90 0.96

Table A4

The performance metrics of DL for the 2048 sample-window size.
Models Accuracy Precision Recall F1-score AUC
CNN 0.89 0.82 1 0.90 0.91
GRU 0.87] 0.84 0.93 0.88 0.93
ConvLSTM 0.90 0.84 1 0.92 0.94
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Table A5

The performance metrics of DL for the 5120 sample-window size.
Models Accuracy Precision Recall Fl1-score AUC
CNN 0.88 0.81 1 0.90 0.88
GRU 0.81 0.8 0.86 0.83 0.92
ConvLSTM 0.84 0.83 0.88 0.85 0.93

CNN: convolutional neural network; GRU: gate recurrent unit; ConvLSTM: convolutional long short-term memory.
Appendix B

Classification performance of DL approaches for different window sizes based on gait normalization data.

Table B1

The performance metrics of DL for the 128 sample-window size.
Models Accuracy Precision Recall F1-score AUC
CNN 0.86 0.83 0.93 0.87 0.93
GRU 0.82 0.81 0.85 0.83 0.89
ConvLSTM 0.83 0.82 0.87 0.84 0.91

Table B2

The performance metrics of DL for the 256 sample-window size.
Models Accuracy Precision Recall Fl1-score AUC
CNN 0.88 0.83 0.95 0.89 0.94
GRU 0.87 0.82 0.96 0.89 0.94
ConvLSTM 0.84 0.82 0.89 0.86 0.92

Table B3

The performance metrics of DL for the 512 sample-window size.
Models Accuracy Precision Recall F1-score AUC
CNN 0.85 0.82 0.91 0.86 0.93
GRU 0.88 0.84 0.94 0.89 0.95
ConvLSTM 0.86 0.86 0.88 0.87 0.93

Table B4

The performance metrics of DL for the 1024 sample-window size.
Models Accuracy Precision Recall F1-score AUC
CNN 0.89 0.88 0.91 0.89 0.96
GRU 0.89 0.85 0.95 0.9 0.96
ConvLSTM 0.84 0.78 0.98 0.87 0.93

Table B5

The performance metrics of DL for the 2048 sample-window size.
Models Accuracy Precision Recall Fl1-score AUC
CNN 0.83 0.79 0.9 0.84 0.91
GRU 0.84 0.8 0.91 0.85 0.92
ConvLSTM 0.84 0.81 0.91 0.86 0.92
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Table B6

The performance metrics of DL for the 5120 sample-window size.
Models Accuracy Precision Recall F1-score AUC
CNN 0.81 0.77 0.89 0.83 0.87
GRU 0.84 0.79 0.95 0.86 0.91
ConvLSTM 0.82 0.84 0.82 0.83 0.88

CNN: convolutional neural network; GRU: gate recurrent unit; ConvLSTM: convolutional long short-term memory.
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