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Developing a classification system that can predict the onset of
neurodegenerative diseases or gait-related disorders in elders is vital for
preventing incidents like falls. Early detection allows reduction in
symptoms and treatment cost for the elderly. In this study, step duration
data from five healthy adolescents with age range of 23 — 29 years old and
five healthy elderly individuals with age range of 71 — 77 years old were
sourced from PhysioNet. To ensure proper training of the deep learning
models, synthetic data was generated from the original dataset using a noise
jittering technique with random noise of a range between -0.01 and 0.01
added to the original data. Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU), and 1D Convolutional Neural Network (1D-CNN)
are used for training the data since the data is available in the form time
series data. LSTM and GRU are advanced forms of Recurrent Neural
Network (RNN) while 1D — CNN can capture temporal dependencies in
sequential data. 1D — CNN has the advantages over GRU and LSTM of
being more robust to noise and can capture complex patterns behind the
data. These methods will be compared in terms of processing time and
accuracy. Results show that 1D — CNN outperforms both LSTM and GRU
with accuracy of 1.000 in less than 60 seconds. The novelty and
contribution of this research shows that healthy old people and healthy
young people can be classified with deep learning. Further direction of the
research can explore the deep learning in classification of Parkinson’s
disease.

This is an open-access article under the CC-BY-SA license.

1. Introduction

The study of human gait is extremely complex because there are many factors that involve
coordination of multiple body systems and muscles that influence the way human walks [1], [2]. The
musculoskeletal system that involves bones, muscles and joints working together, the nervous system
that is responsible in coordinating muscle activation and movement patterns and finally, individual
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variability adds to the complexity of the human gait [3], [4]. The research into human gait uncovers
various layers of complexity and encompasses many areas of sciences like biology, physics,
physiotherapy, electrical engineering, mechanical engineering so on and so forth [5], [6]. Hence, there
are many digital biomarkers that can be used for gait analysis like spatiotemporal parameters,
kinematic parameters and muscle activity. One of the aspects of the spatiotemporal parameters is step
duration.

The research scope of this research paper involves the comparative analysis of LSTM, GRU and
1D — CNN on the classification of the step duration of healthy young people and healthy old people.
When a person ages, his or her gait deteriorates [7]. Early detection of gait deterioration is important
to increase awareness for the people to live a healthier lifestyle to prevent the gait deterioration from
advancing further into neurodegenerative diseases like Parkinson’s disease [8]. Even though this
research is only limited to the classification of youngsters and elderly, this research can open door for
the classification of Parkinson’s disease, Huntington’s disease and many more. Reduction in
symptoms and long — term treatment cost is possible if early detection of the abnormality of the adults’
gait is done successfully [9], [10]. Adolescents and elders represent the opposite spectrum of gait
where adolescents represent healthy and more active gait while elders represent a more deteriorating
and more passive gait [11]. Elders suffer more from neurodegenerative diseases than adolescents and
is often viewed as a starting point for progression of neurodegenerative diseases [12]. Hence, the
research in the classification of the gait of adolescents and elders is very important because it allows
the deterioration of gait in adults to be detected and allow early treatment to develop healthier gait in
adults [13], [14].

Researchers come out with various features that can be used in the study of the gait analysis in
which each has its own advantages or disadvantages and the suitability of the use of the feature
depends on the specific cases [15], [16]. For example, Short — Time Fourier Transform (STFT) and
Continuous Wavelet Transform (CWT) can be used to derive the features from the data like root mean
square (RMS) value [17], [18]. Besides, STFT and CWT can then be used to form the time — frequency
images from the data. The images can then be fed into 2D — CNN for classification process.
Nematallah et al conducted CWT on the signals form wearable sensors for human activity recognition
[19]. Detrended Fluctuation Analysis (DFA) can be done on the data to determine if there is long —
term correlation in the data [20], [21]. Di Bacco V et al studied the gait variability of treadmill and
overground walking by performing DFA on the signals captured from accelerometer from the
smartphone [22]. Furthermore, there are entropy methods like Shannon entropy to study the
orderliness of the data [23], [24], [25]. Deep learning is a far easier method and prevails over machine
learning because it does not require human intervention to generate features [26], [27]. There are many
aspects of gait analysis which range from electromyography (EMG) signal, vertical Ground Reaction
Force (VGRF) signal to the step duration [28], [29]. This research paper focuses on the step duration
instead of EMG signal and vGRF signal because the data collection for EMG signal and vGRF signal
requires a system that involves multiple sensor which makes it not convenient to be integrated with
Internet — of — Things (10T) due to patients’ discomfort [30], [31]. Step duration which can be defined
as time taken for consecutive footstep is easier to be implemented in the 10T because it can be captured
easily using smartphone camera using computer vision with the utilization of OpenPose or MoveNet
[32]-[34]. Computer vision allows objective and precise measurement which has the potential to
replace the conventional system in analyzing the gait — related disorders which involves manual
analysis by the physiotherapists. Computer vision has the advantage of being non — invasive [35],
[36]. There are many researchers that are using the markerless computer vision method which require
low only a camera that is readily available in smartphones in analyzing gait. For example, Wei V et
al developed vision —based gait analysis using two smartphone cameras to analyze the normal subjects
and Parkinson subjects [37]. Besides, Blasco — Garcia J et al incorporated RGB — D camera in robot
to capture human motions [38]. The nature of step duration is time series data which makes LSTM,
GRU and 1D — CNN suitable candidates for training the step duration data. LSTM and GRU can
capture long — term dependencies in the data [39], [40] while 1D — CNN can capture the temporal
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features in the data [41]. 1D — CNN is the derivation of the conventional CNN method used to classify
images to extract parameters of the data in the time series data [42], [43].

The contribution of this research paper is to analyze the efficacy of the GRU, LSTM and 1D —
CNN to be used in the classification of the step duration of the young and the old people. The best
deep learning method to be used in accordance with smartphone camera using computer vision in
capturing and testing the stride interval will be identified.

2. Method

The flowchart of the research is shown in Fig. 1. Based on Fig. 1, the step duration data of the 5
healthy adolescents (23 — 29 years old) and 5 healthy elders (60 — 77 years old) have been collected
from PhysioNet. Then, 20 synthetic data are generated from each original data using noise jittering.
Noise jittering involves adding a noise which ranges from -0.01 to 0.01 to the data which replicates a
new data for the original data. The combination of original data and synthetic data are fed into the
deep learning system which are 1D — CNN, LSTM and GRU. The accuracy and the processing time
of each deep learning method are then compared to identify the best deep learning method. There are
a total of 210 data altogether after the synthetic data is combined with the original data. 80% of the
210 data will be used for training the system which is 168 data and the remaining 20% of the data will
be used to test the system. The training data is selected to be 80% to ensure more data is used to train
the deep learning while the testing is selected to be 20% to ensure there is enough data to be tested.
Other than train — test split, cross — validation with 5 splits will also be conducted to be compared to

the train — test split.

Stride Interval Data
Collection from PhysioMet

l

rSyntheti[: Data Generatiun1
using Moise Jittering

| LSTM l |1D-CNN| lGHUl

B0% train 20% Cross - validation
split
accura

with 5 splits

Fig. 1. The flowchart of the research
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Since the step duration of the data have different timesteps, the maximum timesteps is identified
which is 892. Then, this timestep will be used to train the system. If the data has less than 892
timesteps, then padded zero will be added so that maximum timestep will be 892. Other than padding
zero, there is no normalization, scaling and preprocessing of the data and the raw data is left intact. In
this research paper, it is hypothesized that the deep learning method is capable of handling complex
data in complex environment which include noise for the classification. There is no hyperparameter
tuning for the hyperparameters in this project. The best hyperparameters are identified by rigorous
testing.

To train the 1D — CNN system, the format of the data to be fed into 1D — CNN will be (humber
of samples, timestep). Therefore, the shape of the training data will be (168, 892). Since GRU and
LSTM only support data in 3D format which are (number of samples, timestep, feature), the training
data will be converted to this format (168, 892, 1). The comparative analysis does not include the
feature importance because deep learning does not require manual selection of feature. The deep
learning project is run on TensorFlow by using a MSI laptop with 16 GB Random Access Memory
(RAM), Intel Core i9 CPU and NVIDIA GeForce RTX 4070.

2.1. Deep Learning Method

2.1.1. 1D-CNN

The conventional CNN is designed for image processing tasks, applying convolutional operations
on two — dimensional data to extract features. Image is two — dimensional data because it consists of
height and width. 1D — CNN is then developed to work with one — dimensional data like time series
data to extract features from sequential data. The operation behind the 1D — CNN is like the
conventional CNN in the way that convolutional operation is applied too. One advantage of 1D —
CNN over CNN is that 1D — CNN can capture temporal dependencies in sequential data more
effectively. Other than that, 1D — CNN can result in shorter training time compared to CNN because
few parameters are needed due to simplified architecture. The key principle behind the operation of
1D — CNN involves the convolution of a kernel with the input data in one dimension [44], [45]. Fig.
2 shows the construction of the 1D — CNN model for the classification system of the step duration of
the elderly and the adolescents. The constructed 1D — CNN model consists of 3 layers of ConvlD
with 64 filters with the kernel size of 3. The layers of Conv1D are followed by one flattening layer
and finally, one dense layer.

model = Sequential()

model.add(ConvlD(64, 3, activation='relu', input_shape=(stride_interval_train.shape[1], 1)))
model.add(ConvlD(64, 3, activation='relu'))

model.add(ConvlD(64, 3, activation='relu'))

model.add(Flatten())

model.add(Dense(1, activation='sigmoid'))

Fig. 2. The construction of 1D — CNN model for the classification of the step duration of the elderly and the
adolescents

The data is trained with the number of epochs set to 300 and the batch size set to 8. Fig. 3 shows
the architecture of constructed 1D — CNN model in this research.

2.12. LSTM

LSTM is an improved RNN that was created to solve the problems traditional RNNs had
identifying long-term dependencies in sequential data. Conventional RNNs have problems with
vanishing and exploding gradients, which can make training the model difficult. RNNs also do not
have specific memory cells, which makes it hard for them to remember important information over
time. LSTMs, on the other hand, have specialized memory cells that are more resistant to disappearing
and expanding gradient problems and can store information for longer periods of time. Information
flow is controlled by input, forget, and output gates, which are components of the LSTM architecture
[46], [47]. Fig. 4 shows the construction of the LSTM model for the classification of step duration of
the elderly and the adolescents. The LSTM model starts with 256 LSTM cells, 128 cells, 128 cells, 64
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cells, 32 cells and finally, there is a dense layer. Each LSTM cell is followed by dropout(0.2). Finally,
dropout is included to prevent overfitting.

\\
Predicted
Input Data class
(168,892) )
(Young /
LT Old)
[ [
1] ]
n ]
n ]
" 1]
" 1]
1 1
1D - CNN 1D - CNN 10 - CNN
(64 filters, (64 filters, (64 filters,
kernel size: 3) kernel size: 3) kernel size: 3)

Flattened Dense

Fig. 3. The architecture of the constructed 1D — CNN model
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Fig. 4. The construction of LSTM model for the classification of the step duration of the elderly and the
adolescents

The data is trained with the number of epochs set to 300 and the batch size set to 8. Fig. 5 shows
the architecture of the constructed LSTM model.

Input Data LSTM Layer .| Dropout .| LSTM Layer .| Dropout .| LSTM Layer
(168,892 1) (256 cells) 7 (0.23 1 (128 cells) " (0.2) "1 (128 cells)
h i
Dropout | LSTM Layer | Dropout | LSTM Layer | Dropout
w2 | (32 cells) | 02 | (64 cells) | {0.2)
h i i
Predicted
Fully ;:on nected class
ayer (Young/old)
Fig. 5. The architecture of the constructed LSTM model

2.1.3. GRU

Like LSTM, GRU is an RNN variant created to get over some of its current drawbacks. With just
two gates which are reset gate and an update gate, GRU has a more straightforward architecture than
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LSTM. The reset gate controls how much previous data needs to be deleted, while the update gate
controls how much needs to be combined with fresh input to update the memory. Each GRU and
LSTM has benefits and drawbacks of their own. Compared to LSTM, GRU is more effective at
capturing long-term dependencies in sequential data and is also more computationally economical.
However, due to more straightforward architecture, GRU is less able to understand complex linkages
and dependencies in the data and has less control over the flow of information [48], [49]. Fig. 6 shows
the construction of the GRU model for classification of step duration of the elderly and adolescents.
Like LSTM, the GRU model starts with 256 GRU cells, 128 cells, 128 cells, 64 cells, 32 cells and
finally, there is a dense layer. Each GRU cell is followed by dropout(0.2). Finally, dropout is included
to prevent overfitting.

model = Sequential()
return_sequences=True,

(8.2))

model.add(GRU(128, return_sequences=True))

model . add (D 3.2))

model . add(GRU(128, return_sequences=True))

model . add (D .2))

model . add (G

input_shape=(stride_interval train.shape[1], stride_interval train.shape[2])))

return_sequences=True))
model.add(D .2))

model . add(G

model . add (D

model . add (D

model.summary ()

Fig. 6. The construction of GRU model for the classification of step duration of the elderly and the
adolescents

The data is trained with the number of epochs set to 300 and the batch size set to 8. Fig. 7 shows
the architecture of the constructed GRU model.

Input Data GRU Layer .| Dropout .| GRU Layer .| Dropout .| GRU Layer
(168,892 1) (256 cells) - (0.2) 1 1128 cells) 7 (0.2) 1 1128 cels)
L 4
Dropout | GRU Layer Dropout GRU Layer Dropout
02 | (32 cells) (0.2) (64 cells) (0.2)
A4 "
Predicted
Fully T:aoner:ected class
y (Youngfold)

Fig. 7. The architecture of the constructed GRU model

3. Results and Discussion

Fig. 8 shows the parameters that are extracted from the constructed 1D — CNN model that is
shown in Fig. 2 and Fig. 3, Fig. 8 shows the total number of parameters extracted are 81665. Fig. 9
shows the parameters that are extracted from the constructed LSTM model that is shown in Fig. 4 and
Fig. 5, Fig. 9 shows the total number of parameters extracted are 654753. Fig. 10 shows the parameters
that are extracted from the constructed GRU model that is shown in Fig. 6 and Fig. 7, Fig. 10 shows
the total number of parameters extracted are 492897.

Based on Fig. 9 and Fig. 10, even though the constructed GRU and LSTM model have the same
number of cells which go from 256, 128, 128, 64 and 32 and the same dense layer, GRU derives fewer
parameters which are 492897 if compared to LSTM which are 654753. This is due to the simplified
nature of GRU that causes it to learn less intricate relationships and dependencies in the data. Table 1
shows the test loss, test accuracy and processing time of 1D — CNN, LSTM and GRU. 1D — CNN has
outperformed both LSTM and GRU in terms of test loss, test accuracy and processing time. Besides,
the operation of 1D — CNN requires far less parameters which are 81665 compared to LSTM and
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GRU. Therefore, the best deep learning method to be used in the classification of the step duration of
the elderly and the adolescents is 1D — CNN. Table 1 also shows that the test loss and test accuracy
of GRU and LSTM are roughly the same, which shows that the underlying operation of LSTM and
GRU are also the same. According to literature review, LSTM does not work well with the highly
irregular data, non — stationary data and data with high frequency noise [50]. This does show that the
step duration data is highly irregular, non — stationary and has high frequency noise.

Model: "sequential™

Layer (type) Output Shape Param #
“convid (conviD)  (Nome, s0, 64) 256
convld_1 (ConvlD) (None, 888, 64) 12352
convld_2 (ConvlD) (None, 886, 64) 12352
flatten (Flatten) (None, 56704) 0

dense (Dense) (None, 1) 56705

Total params: 81,665
Trainable params: 81,665
Non-trainable params: ©
Fig. 8. The parameters that are extracted from the constructed 1D — CNN model

Model: “sequential 2"
Layer (type) Shape Param i#
Istm (LSTM) (None, 892, 256 264192
dropout 5 (Dropout) (None, 892, 256 e
Istm 1 (LSTM) (None, 89: 197120
dropout_6 (Dropout) (None, 89: (%]
Istm 2 (LSTM) (None, 89: 131584
dropout_7 (Dropout) (None, 89: 5]
I1stm 3 (LSTM) (None, 89 49408
dropout 8 (Dropout) (None, 89 (%]
1stm 4 (LSTM) (None, 3
dropout_9 (Dropout) (None, 3

dense 2 (Dense) (None,

Total params: 654,753
Trainable params: 654,753
Non-trainable params: 0

Fig. 9. The parameters that are extracted from the constructed LSTM model
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Model: "sequential 1"

Layer (type) Sh Param #
198912

dropout (Dropout) (None, 892, 256 2]

gru 6 (GRU) (None, 892, - 148224

dropout_1 (Dropout) (None,

gru 7 (GRU) (None,

dropout 2 (Dropout) (None,

gru 8 (GRU) (None,

dropout_3 (Dropout) (None,

gru 9 (GRU) (None, 3

dropout_4 (Dropout) (None, 3

dense 1 (Dense) (None, -

Total params: 492,897
Trainable params: 492,897
Non-trainable params: @

Fig. 10. The parameters that are extracted from the constructed GRU model

Fig. 11 shows the plotting of the line graph of the stride interval against time (s). In this aspect,
1D — CNN prevails over LSTM and GRU because 1D — CNN is more robust to noise due to its ability
to extract local patterns. 1D — CNN uses convolutional layers that apply filters across the input data
that detect specific patterns by sliding over the data. These filters perform element — wise
multiplications and summations. These filters suppress random noise by highlighting important
features. The kernels operate on a fixed — size window of the input data and detect as well as amplify
local features. In contrast, LSTM and GRU are not effective in detecting local patterns due to the
wider focus on the entire sequence. Besides, the reason the processing time of 1D — CNN is shorter
compared to LSTM and GRU because 1D — CNN process data in parallel while LSTM and GRU
process data sequentially [51]. In 1D — CNN, convolutional layers that apply multiple layers across
the input data simultaneously will be used. The parallel processing allows the network to extract
features from different parts of the input at the same time which speeds up the computation and
shortens the processing time. Fig. 12 and Fig. 13 show the bar chart of the parameter count and
processing time versus the deep learning methods respectively.

Table 1. The test loss, test accuracy and processing time of 1D — CNN, LSTM and GRU

Deep Learning Methods Test Loss Test Accuracy

1D — CNN 2.6095 x 1078 1.0000
LSTM 9.5488 0.3810
GRU 9.5488 0.3810

Fig. 14, Fig. 15 and Fig. 16 show the classification report of 1D — CNN, LSTM and GRU
respectively whether by cross — validation or 80% training and 20% testing. The train — test split and
cross — validation produce the same result for 1D — CNN, LSTM and GRU. Fig. 14 shows that the
classification using 1D — CNN has scored 100% for precision, recall and f1 — score both young group
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which is highlighted as 0 as well as elderly group which is highlighted as 1. Fig. 15 and Fig. 16 show
that both LSTM and GRU produce similar classification result.

Step Duration vs Time (s)

1.08 1|

1.06 1

=

o

=
1

Step Duration

o o = =

W w o o

=] (=3 o [N
1 L 1 1

0.94 1

0.92 1|

0 200 400 600 800
Time (s)

Fig. 11. The plotting of step duration against time (s) for a healthy old sample 1

Parameter Count for each Deep Learning Method
700000
600000
500000
400000
300000
200000

100000
. [

1D - CNN LSTM GRU

Deep Learning Methods
Fig. 12. The bar chart of parameter count versus the deep learning methods

The difference between GRU and LSTM is that due to simplified nature of GRU, GRU has fewer
parameters extraction as shown in Fig. 12 and shorter processing times as shown in Fig. 13. This is
because GRU has only two gates which are update gate and reset gate while LSTM has three gates
which are input gates, forget gate and output gate. Even though GRU and LSTM derived a lot more

Teng Hong Lee (Comparative Analysis of 1D — CNN, GRU, and LSTM for Classifying Step Duration in Elderly and
Adolescents Using Computer Vision)



International Journal of Robotics and Control Systems
Vol. 5, No. 1, 2025, pp. 426-439

ISSN 2775-2658 435

parameters than 1D — CNN as shown in Fig. 12, 1D — CNN outperformed both GRU and LSTM with
much shorter processing time as shown in Fig. 13 because of the ability to detect and amplify local
features by using the filters which also suppress random noise while GRU and LSTM have a wider
focus on the entire sequence. This suggests that the features that are relevant to the step duration for
the classification of the young and elderly are not spread throughout the sequence but are locally
concentrated in different distinct parts of the step duration. The research into distinct parts of the
sequence of the step duration can be explored further to identify the parts of the step duration of the
elderly that need to be rehabilitated to develop healthier gait.

Processing Time for each Deep Learning Method

1600
1400
1200
1000

800

Seconds (s)

600
400
200

0
1D - CNN LSTM GRU

Deep Learning Methods
Fig. 13. The bar chart of processing time versus the deep learning methods

precision recall f1-score support

1.00 1.00 1.80 16
1.00 1.00 1.60 26

accuracy 1.00 42
macro avg 1.00 42
welghted avg 1.00 42

Fig. 14. The classification report of 1D — CNN

precision recall fl1-score support

.38 1.0 ).55 16
0.00 0.00 ). 26

accuracy 8. i

macro avg A. ; 0.: 42
weighted awv 0. . 3. 42
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precision recall fi1-score support

.38 1.00 =55 16
0.080 8.0 : 26

accuracy - 42

macro avg o 42

weighted avg . 42
Fig. 16. The classification report of GRU

4. Conclusion

1D - CNN is the best deep learning technique for classifying the step durations of adolescents
and the elderly, which are easily accessible as time series data. The fact is that 1D- CNN outperformed
LSTM and GRU in terms of test loss, test accuracy and processing time. The cross — validation with
5 splits and train — test split produces the same result for the 1D — CNN, LSTM and GRU. Besides,
1D — CNN required fewer parameters than LSTM and GRU. Furthermore, step duration data has high
frequency noise, is highly irregular and non — stationary data which makes LSTM and GRU which
are suited to capture long — term dependencies in sequential data unsuitable deep learning methods
for the classification of the step duration data whereas, 1D — CNN is more robust to noise due to its
ability to extract local pattern which render it a suitable deep learning method. This study demonstrates
that, in comparison to LSTM and GRU, 1D — CNN is a more effective way to investigate how people's
step duration declines with age, providing greater insight into individualized treatment for the elderly.
Future work can also include combining the local pattern extraction abilities of 1D — CNN with the
sequential learning capabilities of LSTM and GRU to enhance performance on time — series data with
similar kind of noisiness and irregularity. Future work can also include the exploration of 1D — CNN,
LSTM and GRU on the classification of neurodegenerative diseases like Parkinson’s disease,
Huntington’s disease with different severity levels.
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