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Abstract — Neurodegenerative diseases (NDD) are a heterogeneous group of complex diseases characterized by neuronal
loss and progressive degeneration of different areas of the nervous system. Gait analysis presents an early recognition system
for NDD which is important to increase the patient’s awareness of their health conditions. However, it is very difficult to
identify and formulate suitable digital biomarkers from the data collected from gait experiments such as stride interval and
swing. The objective of this paper is to compare the result of Short — Time Fourier Transform (STFT) and Continuous
Wavelet Transform (CWT) on the collected stride interval of healthy young people and healthy old people. In this paper,
STFT and CWT are performed on the collected stride interval and from the result of the STFT and CWT, further features
are extracted like instantaneous RMS and maximum RMS value. STFT is performed on the collected stride interval from a
window length of 64 to 512 while CWT is performed on the collected stride interval from the scale of 128 to 2048. The
processing time of the STFT and CWT with varied window lengths and scales respectively are collected. Besides, the actual
maximum time from the time — frequency plot derived from STFT and CWT is also collected. Both STFT and CWT show
that the young group has a higher maximum RMS, an indication of higher stride interval than the old group and higher
variance, an indication of higher gait complexity. The suitable window lengths for STFT in analyzing the stride interval are
64 and 128 while the scale for CWT should be set to the lowest scale. Overall, STFT with a window length of 64 and 128 is
better in analyzing the stride interval due to low processing time at the expense of slightly less accurate time — frequency
representation.
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1. Introduction

Gait analysis is important in diagnosing and rehabilitating gait abnormalities, as well as understanding the physiological
changes associated with aging and treating injuries. Additionally, gait analysis can be used to improve the quality of life for
patients with physical and neurological pathologies, as it helps in understanding the inner workings of the human nervous
system [1], [2]. From 1990 to 2016, the number of people with Parkinson's Disease (PD) doubled to more than 6 million,
with over 200,000 PD-related deaths globally which shows that the study of gait analysis is important [3]. One of the methods
for gait analysis is analyzing the stride interval. Stride interval refers to the time between successive heel strikes of the same
foot [4], [5]. From the literature review, many features are being used to formulate the digital biomarkers from the stride
interval such as time feature, time-frequency feature, non—linear feature, and entropy [6]—[8]. There is no best feature for the
data analysis as it depends on the type of cases and applications. Examples of time-frequency features include STFT and
CWT. Each time-frequency feature has its advantages and disadvantages. STFT is suitable for analyzing non-stationary
signals but uses fixed window lengths for all frequencies. Wavelet transform is sensitive to noise and has high computational
complexity, but its upside is that it uses frequency — a dependent window [9].
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2. Method

The stride interval of five healthy old people with a mean age of 74.6 and five healthy young people with a mean
age of 24.4 are collected from the Gait in Aging and Disease Database in Physionet [10]. The healthy old people and
healthy young people were asked to walk in a roughly circular path for 15 minutes. STFT and CWT are performed on
the stride interval to identify the technique that gives the best visualization of the time-frequency plot.

The use of STFT is restrained by the uncertainty principle of time-frequency where a signal is divided into short
pieces. The time resolution and frequency resolution in STFT are uniform because STFT has the same observation time—
width in all frequency ranges.

When x(n) is an input signal, the time-axis sampling function of STFT can be denoted by equation (1).
x(n) @ W,(n—k.S,) ey
Equation (1) is transformed into Equation (2) after a Fourier Transform is applied.
X(k, iw) = [E32-0x(1). exp(—jnw) |. [EnZ- o Wn(n — k. Sp). exp(—jnw)] (2)

Based on Equation (1) and (2), W,, is the window function, N is the FFT number, S,, is the time interval shift and k
is an integer [11].

In CWT, the observation time-width changes according to the frequency. When the frequency is low, the
observation time-width is lengthened which results in a small frequency resolution. When the frequency is high, the time
resolution becomes small which results in a large frequency resolution. The time resolution and the frequency resolution
of the wavelet transform are not uniform.

The CWT of a discrete-time signal with uniform time intervals is determined by calculating the inner product with
a scaled and shifted mother wavelet as described in Equation (3)[12].

[((Tl' - n)(')})] 3)

N-1
Wa(s) = ) i
n'=0

Based on Equation (3), discrete-time signal is denoted as x,,, uniform time intervals is denoted as &, inner product
is denoted as x,, and a scaled and shifted mother wavelet is denoted as y. n' and n are sequence positions.
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3. Results & Discussion

To ensure the result of STFT has a good time — frequency resolution and can derive the instantancous RMS value
accurately, it is important to select the appropriate window length. The sampling frequency,f; for STFT in this project is
defined by the reciprocal of the difference of consecutive time as shown in Equation (4).

n—1

e — xp)

fs = (4)

Based on Equation (4), n is the number of data points, x is the data.

Table 1 shows the time — frequency plot of STFT (hanning window), derived instantaneous RMS of STFT and recorded
processing time with varied window lengths from Old Subject 1. The window length is adjusted from 64 to 512. When the
window length is increased from 64 to 512, the derived instantaneous RMS of STFT converges slowly from a maximally
flat amplitude to a single peak. It can also be seen that when the window length increases from 128, the maximum x — value
(time) has increased and deviated significantly from the original maximum x — value which is 869.79s. Table 2 shows the
actual maximum x — value (time) that is derived from the result of STFT of varied window lengths from Old Subject 1. There
is no noticeable change in recorded processing time when the window length is increased.

Table 1 The Time — Frequency Plot of STFT (hanning window), Derived Instantaneous RMS of STFT and Recorded
Processing Time with Varied Window Length from Old Subject 1

Window Time — frequency Plot of STFT Derived Instantaneous RMS of STFT Recorded Processing
Length Time [sec]
64 0.0656
— .
| . i g::z
128 0.0645
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Table 2 The Actual Maximum Time Derived from STFT of Varied Window Length from Old Subject 1

Window Length Actual Maximum Time [sec]
64 857.546
128 857.546
256 923.511
512 1055.441

Since the result of STFT of the window length above 128 does not come out with the accurate span of time in time —
frequency plot, the window lengths of 64 and 128 will be chosen for further analysis because the maximum time derived
from STFT is nearest to 869.79s. Figure 1 shows the comparison of the boxplot of maximum RMS in STFT versus the old
group and young group with window lengths of 64 and 128. There is no difference in the overall pattern and trend of the
boxplot in window lengths of 64 and 128. The difference lies in the magnitude of the maximum RMS. The higher the window
length, the smaller the magnitude of the maximum RMS. Therefore, any of the two window lengths, 64 and 128 can be used
to analyze the stride interval in this project with almost the same processing time.
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Figure 1 The Box Plot of Maximum RMS in STFT versus Old Group and Young Group with (a) Window Length of 64 and
(b) Window Length of 128

Table 3 shows the time — frequency plot of CWT, Derived Instantaneous RMS of CWT and recorded processing time
with varied scales from 128 to 2048 from Old Subject 1. When the scale increases, the derived instantaneous RMS of CWT
converges slowly from multiple peaks to a single peak. Also, the recorded processing time increases when the scale increases.

Table 3: The Time — Frequency Plot of CWT, Derived Instantaneous of CWT and Recorded Processing Time with
Varied Scale from Old Subject 1

Scale Time — frequency Plot of CWT Derived Instantaneous RMS of Recorded Processing Time
CWT [sec]

128 0.695

RMS from Continuous Wavelet Transform Coefficients

RMS from Continuous Wavelet Transform Coefficients

256 0.825
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512 1.107

RMS from Continuous Wavelet Transform Coefficients

Time [sec]

1024 | 2.188

\eous RMS from Continuous Wavelet Transform Coefficients

RMS from Continuous Wavelet Transform Coefficients

2048 6.409

Based on Table 4, the actual maximum time derived from CWT of varied scale from 128 to 2048 from Old Subject 1 is
all the same which is 869.03s which is nearer to 869.79s than STFT. It shows that CWT produces slightly more accurate
time — frequency visualization than STFT.

Table 4 The Actual Maximum Time Derived from CWT of Varied Scale from Old Subject 1

Scale Actual Maximum Time [sec]
128 869.043
256 869.043
512 869.043
1024 869.043
2048 869.043
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Figure 2 shows the comparison of the boxplot of maximum RMS in CWT versus the old group and young group with a
scale of 128 and 2048. The variance of maximum RMS in CWT of the old group is higher on the scale of 2048 than in 128.
Other than that, there are no differences in the overall pattern and trend on a scale of 128 and 2048. The higher the scale, the
higher the magnitude of maximum RMS in CWT. It is better to use the lower scale for CWT because the processing time
increases with the scale and there are no significant differences between lower scale and higher scale in terms of overall
pattern and trend.

Maximum RMS in CWT
165 Maximum RMS in CWT

Max RMS

(a) (b)
Figure 2 The Box Plot of Maximum RMS in CWT versus Old and Young Group on a scale of (a) 128 and (b) 2048
From the result of STFT and CWT, the young group has a higher maximum RMS than the old group. The higher
maximum RMS indicates that the stride interval of the young group is larger than the old group. In STFT, the young group
has a higher variance of maximum RMS than the old group at both window lengths of 64 and 128. In CWT, the young group
has a higher variance at a low scale and has almost the same variance as the old group at a high scale. The higher variance
of the stride interval indicates higher complexity in the gait of the young group. The complexity of the gait of the young

group had been studied extensively using Detrended Fluctuation Analysis (DFA) in the past that showed gait complexity
increased during young adulthood and declined with aging [13]-[15].

STFT and CWT are both capable of distinguishing the gait of old people and young people using the feature, maximum
RMS value. The suitable window lengths for STFT in analyzing the stride interval are 64 and 128 while for CWT, the scale
should be set to the lowest which is 128. However, in terms of processing time, STFT can be performed in a significantly
shorter time than CWT. CWT at any scale produces a slightly more accurate time — frequency representation than STFT.

Overall, STFT with window lengths of 64 and 128 is better in analyzing the stride interval due to low processing time at
the expense of slightly less accurate time — frequency representation.

4. Conclusion

The result of STFT and CWT, both show that the young group has a higher maximum RMS value than the old group
which indicates a higher stride interval. The result of STFT shows that the young group has a higher variance of maximum
RMS than the old group at both window lengths of 64 and 128. The result of CWT shows that the young group has a higher
variance of maximum RMS at a low scale and almost the same variance as the old group at a high scale. The suitable window
lengths for STFT in analyzing the stride interval are 64 and 128 while for the CWT, the lowest scale which is 128 should be
chosen to reduce the processing time. Overall, STFT with window lengths of 64 and 128 is better in analyzing the stride
interval due to low processing time at the expense of slightly less accurate time — frequency representation.
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