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ABSTRACT

Detection of gait cycle events is a crucial step toward an effective evaluation and rehabilitation of pathologies
or injuries in human locomotion. Recently, methods based on the Discrete Wavelet Transform (DWT) have
been useful for this detection due to their robustness and the wide variety of options for analyzing and
decomposing signals in time/frequency domains, as well as their ability to extract relevant features embedded
in the signals. In this study, a detection method of main gait cycle events, using the Wavelet Symlets and
Daubechies families, was developed. These events are the heel-strike (HS) and the toe—off (TO). Inertial
signals were acquired by three different devices: a G-WALK (reference equipment), an Apple Watch (AW),
and a noncommercial device based on Inertial Measurement Units (IMUs). The dataset was obtained from
six—-minute walking tests performed by 22 healthy subjects. First, the dataset was processed, and then the
signals were synchronized regarding the reference system. Subsequently, the signals were decomposed into
6 levels using sym4 and db5 Wavelets to obtain multiple perspectives of the signals. Then, using automatic
threshold techniques and symmetric windows, it was possible to detect HS and TO events. Finally, the IMUs—
based system obtained a 94.398 % of recall, 100 % of precision, and 97.117 % of F;- score, with absolute
values delays in the detection between 10-20 ms. In contrast, the AW system performance was 90.168 %,
100 %, and 94.828 % for recall, precision, and F;-score, respectively, with absolute values delays in the
detection of 10-28 ms.
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1. Introduction

Gait involves a sequence of movements that require a balance between neural and musculoskeletal systems [1].
The ability to walk is usually developed after the first year of human life. It is an action that involves almost all
the muscles of the human body, as well as different cortical and subcortical brain structures, which helps to
explain the extensive learning phase during childhood and the difficulty, or almost impossibility, of relearning
after an injury. The importance of the analysis in the clinical area lies in the fact that human gait disorders
account for approximately 55 % of all disabilities worldwide [2].

In the past few years, technological advances have made it possible to study abnormalities related to gait deficits
associated with the aging of the population [3], motor disabilities in patients with cerebrovascular disease [4],
[51, [6], [71. [8], [9]. [10], and Parkinson's disease [11], [12], [13], [14]. In this context, gait systems built with
inertial sensors are increasing their popularity in human gait analysis because 1) they allow quantitative
measurement of locomotion systems [15], [16], 2) they allow assessment of the effect of a cognitive [17], [18]
or biomechanical efforts [19], [20], [21], and 3) they are portable and low cost [6], [22], [23], [24]. In addition,
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these devices can be used for longer analysis time periods in larger workspaces and increase comfort during the
setup procedure [25], [26], [27], in comparison to controlled experimental environments, which use cramped
spaces, resulting in higher equipment investment and can generate an unnatural gait.

We propose a method to detect the main events of human gait: heel-strike (HS) and toe—off (TO). This detection
is based on processing angular velocity signals and a Discrete Wavelet Transform (DWT) approach.
Independent signals were recorded by three different devices: two commercial devices, a G-WALK and an
Apple Watch, and a non—commercial device based on inertial measurement units (IMU). The IMU-based gait
measurement system was developed at the BISEMIC laboratory at Universidad Pontificia Bolivariana,
Colombia. The accuracy of this non—commercial device was tested by Vargas [28], who obtained an average
error of less than 15 % to measure five spatiotemporal parameters. On the other hand, the G-WALK was
considered the reference device because it is specifically designed for gait analysis. Data acquisition was
performed in a natural environment, where the subject was moving without speed restrictions, without markers
attached, and wearing the three devices in different parts of their body. We used the processing of the signals
coming from the inertial sensors and the synchronization of the dataset concerning the reference system
presented in [29]. Then, we utilized families of Symlets and Daubechies Discrete Wavelet Transforms (DWT)
to decompose the angular velocity signal into different frequency ranges. These levels of decomposition made
it possible to visualize the signals in greater detail and under diverse perspectives, which led to a focus on
extracting relevant features at the inflection points where the gait events of interest occur. Subsequently,
automatic thresholding and symmetrical windowing techniques were applied to detect HS and TO events.
Finally, through performance metrics, the algorithm developed was contrasted with the reference system.

2. Gait Analysis

To understand specific asymmetries related to the way we move and to determine pathologies or injuries in
human locomotion, physicians and researchers often use gait analysis to evaluate and treat people with various
conditions, pathologies, or injuries [30], [31], [32]. A standard gait evaluation requires at least one complete
gait cycle, from when the heel makes contact with the ground to when it ends with the next contact of the heel
of the same foot with the ground. Naturally, the more heel contacts analyzed, the better it will fit a constant set
of natural heel contacts due to their inherent variability.

2.1. Human Gait Cycle

A complete analysis of human gait requires an understanding of the complete gait cycle, as illustrated in Figure
1, which is composed of two phases. The support phase or stance contains five phases: heel-strike (HS), foot—
flat (FF), mid-stance (MSt), heel-off (HO), and toe—off (TO), which is the transition phase between the stance
phase and the swing phase. The swing phase comprises three phases: initial swing, mid-swing (MSw), and
terminal swing. The full human gait cycle has an average velocity in healthy adults of 1.20 m/s to 1.40 m/s.
These variations will depend on a person's stride length and stride time [33], [34], [35]. The description of the
cycle and the phases of the human march vary from one author to another. In the study, it was used the
nomenclature defined in [36].

A1

Heel-strike Foot-tlat Mid-stance Heel-off Toe-off Initial Mid-swing Terminal Heel-strike
(HS) (FF) (MSt) (HO) (TO) swing (MSw) swing (HS)
]

The complete gait cycle

1
1 .
The stance phase ——————— +— The swing phase —
1 1

Figure 1. Human gait cycle and its lower limb events, based on [37].

2.2. Arm swing during the human gait cycle

The movement of the upper limbs is a typical characteristic of human gait. This balancing facilitates changes in
gait speed and reduces the energy consumption of the muscles of the lower limbs [38]. During a normal gait
cycle, the shoulder moves in a range of 20° to 30°, of which, 70 % or 80 % is in the direction of extension, and
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the remaining 20 % or 30 % in flexion [36]. Figure 2 illustrates the gait cycle as seen from the arm swing and
depicts the extension and flexion movements, the ipsilateral leg events, and the heel-strike of the contralateral
leg (arrowhead).
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Heel-strike of
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Heel-strike Mid-stance Toe-off  Mid-swing  Heel-strike
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Figure 2. Relation between arm—swing positions and lower limb events, based on [39].

The arm swing parameters are illustrated in Figure 3, where the anteroposterior amplitude of the arm swing arc
is measured from the coordinates of the wrist in the sagittal plane [39]. This amplitude consists of two
movements: anterior and posterior, measured from the reference line (demarcated with the letter V) and labeled
with positive and negative values (maximum and minimum), respectively. Furthermore, the phases of stance
and swing (black and white bar, respectively) of the ipsilateral leg and the heel-strike of the contralateral leg
(arrowhead). For the gait cycle events seen from the arm swing, the following is presented: the HS event of the
right leg is characterized because the wrist has a negative decreasing angle in the extension direction and the
TO event of the same leg occurs moments after reaching the maximum flexion of the wrist (HS event of the
contralateral leg).
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Figure 3. Amplitude of arm—swing during the gait cycle, based on [39].
2.3. Morphology of the angular velocity signal in the z—axis

For this study, the angular velocity signal of the mediolateral leg axis (z—axis) was considered when
measurements were made with the IMU system located at the ankles since the morphology of the signal allows
easier identification and detection of stance and swing phases and events of the human gait cycle [40], [41],
[42]. Figure 4 (a) shows that the beginning of the stance phase is associated with the first heel—floor contact
(marked in red). While the swing phase is associated with the contact of the toes with the floor, before the foot
lift—off (marked in green). It is emphasized that these positions correspond to instantaneous equilibrium states,
where the acceleration becomes zero, as evidenced by the tangent line in the respective HS and TO. In the case
of the Apple Watch, no literature was found on the signal morphology, but based on the results reported in [38],
[39], and because of the similarity it shares with the IMU signal in the z—axis, similar characteristics were
identified. During the swing phase, a rebound was observed between the HS and TO events, due to the
movement of the wrist in the flexion direction, similar to the rebound generated by the foot using the IMU
system. While for the TO event, there was a negative angular velocity peak after the rebound. For the stance
phase, it was found that the HS event presents a positive increasing angle because the wrist at that particular
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instant of time reaches the maximum flexion, different from the IMU system, that occurs at a peak of negative
angular velocity. Likewise, the gap between the movement of the leg and the wrist was detected. Figure 4 (b)
illustrates the angular velocity signal for AW. For the G-WALK, being a specialized device for the study of
human gait, the morphology was not described. The internal algorithms of this commercial system are part of
the privacy of the company that produces it.
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Figure 4. Angular velocity signals on the z—axis with the gait events (HS and TO).

3.  Materials and Methods

This section presents the materials and methods used to data acquisition and processing, automated detection of
events, automatic thresholds and labeling HS and TO events.

3.1. Data acquisition and processing

The dataset was obtained from trials involving 22 healthy volunteers (16 men and 8 women), between the ages
of 18 and 25 years. Each subject naturally walked overground over a 30—meter straight hallway at normal speed
for 6 minutes, the trials were done twice time with 10-minute breaks. G-WALK sensor was placed on the spine
(L5), AW smartwatches on each wrist, and IMU sensors were placed on each ankle, as shown in Figure 5.

Apple Watch

Figure 5. Location of the sensors in the subject.
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The signals were obtained in an uncontrolled environment within the student community of the university, with
prior authorization from the participants, and accepted by the ethics committee of the Universidad Pontificia
Bolivariana—Campus Bucaramanga, Colombia. Figure 6 shows examples of these signals (accelerometer A and
gyroscope G) for each axis (x, y, and z), G-WALK (marked in blue), AW (marked in red), and IMU (marked in
green). These signals were acquired in different parts of the body, resulting in natural changes in the morphology
of the signals. Each record of the dataset consists of six signals; corresponding to three acceleration and three
gyroscope axes. The signals collected by the IMUs were obtained only for the three axes of the gyroscope. The
beginning of the recording of the signals was different for the three systems. Therefore, the AW smartwatches
and IMUs signals were not synchronized with the reference equipment. For this reason, the cross—correlation
between the z—axis of the G-WALK and each angular velocity signal of the IMU-L and AW-R on the z-axis
was used to estimate the delay and have all the signals aligned. In the case of large outliers generated by the
motion of the turns, the function findpeaks was used to remove these outliers from the dataset. To extract the
HS and TO events from the G-WALK angular velocity signals, the SMARTanalyzer® software was used. This
software made it possible to load the signal and automatically obtain the moments in time in seconds where
each event occurred. This process was performed for the 44 signals in the dataset. The procedure for signal
processing and synchronization stages are detailed in [29].
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Figure 6. Inertial sensor signals (accelerometers on the left and gyroscopes on the right).
3.2. Automated detection of events of the human gait cycle

Once the synchronized and labeled dataset was obtained, it was necessary to develop a method of detection
labeled, it was necessary to develop a DWT-based gait cycle event detection method, intending to compare it
with the G-WALK reference system. To perform this task, two Wavelet families (Daubechies and Symlets)
were used to detect human gait events [43], [44], [45], [46], [47]. Then, DWT was performed using the
MATLAB® R2019a modwt function. The experiment setup parameters for the two families were as follows:
for the Daubechies and Symlets mother Wavelets, the Wavelets db5 and sym4 were selected, correspondingly;
both with 6 levels of decomposition, to extract the detail coefficients from d, to d, for AW and the IMU—based
system. The first selection of the two families of mother Wavelets was made taking into account the similarity
in the morphology with the angular velocity gait signal in the z—axis. The second selection was made considering
the frequency ranges described in [29]. Additionally, the main characteristics of the gait signal were identified
as the swing phase, which is characterized by a positive angular velocity and reaches its maximum value in the
medium swing phase (MSw event). This maximum peak contributes to the improvement of event detection
through windowing techniques for the IMU—based system. For the AW this peak was defined as an HS event,
based on what is described in subsection 2.3. A negative angular velocity peak before reaching its maximum
value (TO event), is associated with the last ground contact before the swing phase, and a negative angular
velocity peak after reaching its maximum value (HS event, for the IMU-based system), occurs when the heel
touches the ground [40], [41], [42]. The objective was based on preserving the aforementioned characteristics
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and the frequency bands (By) described in Table 1, and eliminating the others, after applying DWT. The values
described in Table 1 were constructed using Equation (1).

By =1 &)

where F; corresponds to the sampling frequency of the system and n corresponds to the decomposition levels.
Table 1. Frequency bands for each wavelet decomposition level.

Level From (Hz) To (Hz) Coefficients
1 25.00 50.00 d;
2 12.50 25.00 dp
3 6.250 12.50 ds
4 3.125 6.250 dy
5 1.562 3.125 ds
6 0.781 1.562 dg

For the sub—bands coding phase, the transform is repeated several times to reduce the approximation coefficient
of the sample in sub—bands, increasing frequency resolution. Each of the sub—bands of the signal contains
information about different frequencies; such as abrupt changes in the higher frequency bands and minimal
changes in the lower frequency bands. This allows us to obtain a transform between a frequency range of 0.781
Hz up to 6.250 Hz for AW and the IMU-based system. To extract the HS and TO events from the transformed
signal, the imodwt function of MATLAB® R2019a was used to obtain the inverse DWT from the detail
coefficients d, to dg and, finally, to obtain a reconstructed signal for the two acquisition systems between the
mentioned frequency ranges.

3.3. Automatic thresholds

Once the reconstructed signals for AW and the IMU-based system were obtained, it was necessary to define
automatic thresholds for the detection of the time instants where each event occurred. To perform this task, it
was necessary to obtain the absolute square for each reconstructed signal, and from this, the median value and
the standard deviation were determined. The automatic threshold was defined as the sum of these two values.
To determine these thresholds were necessary to calculate the values within the interquartile range of each signal
before obtaining the standard deviation and with this to make them more robust to the large outliers, and these
thresholds could be adapted to the statistical characteristics of each of the signals. To facilitate the extraction of
the HS and TO events, the MATLAB® R2019a findpeaks function was used to locate the positions of the MSw
and HS events for the system based on IMUs and AW, respectively, taking into account the following
configuration parameters: the minimum peak height was defined by the automatic threshold and the minimum
distance between peaks was set to 1 s (100 samples). This selection was made taking into account that the
angular velocity gait signal in the z—axis reaches its maximum value (MSw and HS event) approximately every
1.2 s, given that healthy patients usually walk at an average speed between 1.20 m/s to 1.40 m/s (full human
gait cycle) [33], [34], [35]. The identification of the MSw peak contributed to minimizing the error in the
detection of the HS and TO events for the IMU-based system. Likewise, detection of the HS event was achieved
for the AW system, regardless of the sensor location, since these devices are located in different parts of the
body, which causes changes in the morphology of the angular velocity signals.

After the MSw and HS peaks were identified, a symmetrical window of 40 samples was defined from the
position obtained for both systems. The findpeaks function was then used to locate peaks only within the defined
window range and a minimum peak—to—peak distance of 15 samples was set in order to extract HS and TO
events for the IMU-based system, and TO for the AW, independently in an n X m matrix, where n corresponds
to the number of rows and m to the number of columns. This selection was performed taking into account that
approximately every 0.3 s an event of the human gait cycle occurs in healthy patients [33], [34]. This process
was performed for the 44 signals obtained after DWT.
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3.4. Labeling of other measurement systems based on DWT

Once the HS and TO event positions were obtained (new labels) for the 44 signals in the database using the
DWT, it was necessary to generate a second set of labels based on the z—axis angular velocity signals for AW
and the IMU-based system, to compare the generated labels with those of the reference system.

4. Results Evaluation Methodology

This section presents the methodology used to evaluate the performance of the proposed algorithm for the
automated detection of HS and TO events.

4.1. Tolerance ranges in the detection of events

Tolerance ranges up to 50 ms have been described in the literature [15], [22], [48], [49]. To compare the
estimates in the detection of gait events with the reference values, a symmetrical window of 30 ms was defined
from each position of the events obtained by the standard equipment. If the event value found by the other
systems was within the 30 ms range, it was considered a true positive (TP), otherwise, it was defined as a false
positive (FP). This process was performed for the entire dataset.

4.2. Algorithm evaluation parameters

To evaluate the detection method, it was used a fundamental tool that allows visualization of the performance
of a classification algorithm. This tool is the confusion matrix, which provides information on the number of
hits and misses in detection, and shows whether the method is confused between events. Based on the
information extracted from the confusion matrix, metrics such as recall, precision, and F; - score were obtained,
which are fundamental to evaluating the performance of DWT-based detections [15], [23], [46], [50], [51], and,
being a classification problem with significantly unbalanced classes, are suitable for not biased analysis to the
majority class. Additionally, the time differences between the reference value and the other systems were
calculated for each event, in order to obtain the average delay in detection for each event.

5. Results
5.1. Automated detection of human gait cycle events

After verification of the synchronization method, DWT was applied to each signal in the dataset using the
Daubechies and Symlets Wavelet Families (db5 and sym4, respectively) with 6 levels of decomposition. This
was done to extract only the detail coefficients from d, to d,, which correspond to the frequency range of 0.781
Hz to 6.250 Hz. From this, the signal was reconstructed using the inverse DWT. DWT allowed the extraction
of relevant features in the angular velocity signal in the z—axis, such as the maximum and minimum peaks where
the time events of the gait cycle occur for the IMU—based system, as illustrated in Figure 7. For the AW system,
two inflection points were found where the HS and TO events occur, based on the behavior of the signal and as
described in [38], [39], as illustrated in Figure 8. From the figures, it can be observed that independent of the
Wavelet Families used, the observed result is the same because Symlet Wavelets are a variant of Daubechies
Wavelets [52], [53]. In addition, it can be observed that the relevant characteristics, such as maximum and
minimum peaks of the transformed AW signals, are not completely defined compared to those of the IMU-
based system, because, when performing the displacement of each wrist, the signals could be affected by factors
such as stiffness and asymmetry in the upper limbs [45].

After applying DWT to the entire dataset, and obtaining the automatic threshold, it was possible to characterize
the MSw and HS event for the system based on IMUs and AW, respectively, and obtain the maximum peaks,
as illustrated in Figures 7 and 8 for IMU-L and AW-R respectively. The characterization of these two running
events allowed us to optimize the localization of the other events (HS and TO) immersed in the signal within
the defined interval. Once the positions of the maximum peaks of the transformed signal were obtained, a
symmetrical window of 0.4 s was defined from the location of the peaks found, to find the equilibrium point
between true positives and false positives, because if it is made smaller, true positives are minimized and if it is
larger, false positives are maximized, and the findpeaks function was used, with a minimum peak-to—peak
distance of 0.15 s. This allowed the detection of the two central events (HS and TO) for the IMU-based system
and TO event for the AW. As a result of applying the windowing technique, the error in detection between
events was minimized, due to the changes in magnitude caused by the location of the devices in different parts
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of the body and the anatomical differences of each patient [30], [31], [54]. Figures 7 and 8 show the results of
event detection using windowing techniques for the two acquisition systems (IMU-L and AW-R respectively).
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For the AW system, peaks of magnitude less than 0.16 rad/s were discarded, since these peaks do not
correspond to central events of the gait cycle. From the figures, it can be seen that for the IMU-based system,
the events were localized without any difficulty, because the inflection points are fully defined. that the
inflection points are completely defined. For the AW system, the opposite happens, the maximum and minimum
peaks are not defined and sometimes the TO event can have the same magnitude as other inflection points
immersed in the signal, especially for AW-R signals. These abnormalities present in arm swing amplitude are
related to factors such as walking speed, the relationship between arm swing kinematics, and asymmetric leg
movements or by alterations that correlate with the presence or absence of disease [55]. Also, it is often assumed
that arm swing is symmetrical in healthy people. Moreover, based on qualitative observations in [56] it was
stated that the dominant hand moves less than the non-dominant hand during human gait.

With the detection of the events, the extracted positions were used to label the gait cycle events in the z—axis
angular velocity signals for the IMUs and AW-based system as illustrated in Figure 9 (a) and Figure (b),
respectively. From the figures, it can be seen that there is in fact a lag between the movement of the leg and the
wrist, as was proposed at the beginning of the study. This difference is performed involuntarily by the human
body because by oppositely moving the arms, the angular momentum of the body around the vertical axis is
minimized and the turning movement produced by the body when moving forward is counteracted, likewise, it
also softens the human gait and reduces the energy expenditure of the muscles of the lower extremities [57],
[58].
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6. Method Performance

To evaluate the DWT-based method, a tolerance range of 30 ms was established in the detections concerning
the reference system (G-WALK). For each event sequence, a confusion matrix was constructed, the results
obtained for the detection of the gait cycle events using the IMU—based system are very similar, independent of
the Wavelet Family used, and there are variations in the prediction of true positives (event class) ranging from
1-3 events per sequence. For the AW system, the results obtained were variations of 17-27 events per sequence
can be observed when using one or the other family in the prediction of true positives.

The selection of the Wavelet Symlet Family could help to detect inflection points with lower amplitude and
minimize the loss of human gait cycle events for the AW system. Likewise, we were able to correctly predict
for the two systems all the true negatives (majority class), which correspond to the non—event class. From the
confusion matrices found for each event sequence, recall, precision, and F; - score metrics were obtained, and
temporal differences between the reference value and the DWT-based method were extracted. The results
obtained for each method using the Wavelet Families are presented independently in Tables 2, 3, 4, and 5.

Table 2. Performance obtained from the IMU—based system using Symlets Wavelets.

Metric measures RF-HS LF-HS RF-TO LF-TO Average
Recall (%) 94.652 94.323 94.202 94.460 94.409
Precision (%) 100 100 100 100 100
F,-score (%) 97.252 97.078 97.014 97.151 97.123
Delay (ms + ms) 15.567 15.789 14.972 14.765 15.273
+ 4.944 +4.927 +4.963 + 4971 + 4.951

Table 3. Performance obtained from the IMU—based system using Daubechies Wavelets.

Metric measures RF-HS LF-HS RF-TO LF-TO Average
Recall (%) 94.633 94.294 94.173 94.450 94.387
Precision (%) 100 100 100 100 100
F;-score (%) 97.242 97.063 96.999 97.146 97.112
Delay (ms + ms) 15.557 15.774 14.964 14.760 15.263
+ 4.948 +4.929 +4.961 + 4.969 +4.951

For Tables 2 and 3, it can be observed that independent of the Wavelets Family used, the performance metrics
for the IMU-based system are above 94 % and 100 %, for recall and precision respectively. The high
percentage of precision is large because the non—event class (true negatives) is the majority class. In addition,
an average F, - score metric of 97.117 % was obtained, indicating high accuracy and recall in predicting true
positives. On the other hand, average event detection absolute values delays of 15.268 + 4.951 ms, i.e., 10-20
ms after the reference system, were obtained. This shows that only 5.589 % and 5.611 % errors were made in
the detection using the Symlets and Daubechies Wavelet Families, respectively, out of a total of 41293 human
gait cycle events immersed in the signals.

Table 4. Performance obtained from the AW-based system using Symlets Wavelets.

Metric measures RF-HS LF-HS RF-TO LF-TO Average
Recall (%) 90.988 90.536 90.111 89.478 90.278
Precision (%) 100 100 100 100 100
F1-score (%) 95.281 95.033 94.798 94.447 94.889
Delay (ms + ms) 16.961 17.477 18.315 18.562 17.828
+ 8.932 + 8.801 +9.518 +9.533 +9.196
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Table 5. Performance obtained from the AW-based system using Daubechies Wavelets.

Metric measures RF-HS LF-HS RF-TO LF-TO Average
Recall (%) 90.758 90.277 89.945 89.253 90.058
Precision (%) 100 100 100 100 100
F;-score (%) 95.155 94.890 94.706 94.321 94.768
17.102 17.656 18.418 18.647 17.955

Delay (ms + ms) 18956 +8.870 +9.526 + 9.560 +9.228

The AW system is presented in Tables 4 and 5. In them, it can be seen that by using one or the other Wavelet
Family, more events of the gait cycle could be detected. An average performance of 90.168 % for recall and
94.828 % for F,-score was obtained. Likewise, average absolute values delays of 17.891 + 9.212 ms, i.e.,
approximately 10-28 ms, were obtained. Furthermore, the errors committed were higher compared to the IMU—
based system, as 9.715 % and 9.936 % errors were obtained in the detection using the Symlets and Daubechies
Wavelet Families, respectively, out of a total of 41293 events. Also, the two systems have a high ability to
distinguish between event and non—event classes. These results are largely due to the signal synchronization
method, the detection of the MSw and HS events for the system based on IMUs and AW respectively, and the
implementation of symmetric windows of 0.4 s to locate the HS and TO events.

7. Discussion

The results obtained showed significant improvements compared to previous studies, as shown in Table 6. For
the two methods developed in the present study, it is emphasized that the dataset was acquired in an uncontrolled
environment that may be the most appropriate for collecting and studying gait—related problems in a natural
environment [59], [60], rather than in restricted and tightly controlled laboratory conditions. In addition, there
were used low power consumption, low cost, and easy-to—use devices. Other authors have used different
configurations for the detection of human gait events, from treadmills to pressure sensors, wearable sensors, or
sensors embedded within mobile devices [6], [22], [23], [61], [62]. In [49], a system based on inertial sensors
and standard motion analysis equipment based on video cameras was implemented. In [63], a method based on
statistical thresholds and a zero-crossing method was used to identify two gait cycle events: HS and TO. This
was from real-time measurements collected by two triaxial gyroscopes placed on the right thigh of the leg while
walking on a treadmill. In [43] a useful clinical tool was developed to monitor people's walking disabilities and
detect specific pathological gait patterns using an IMU in the heel. Although the results are similar to other
investigations, this study is one of the first to establish a method of characterizing gait cycle events using AW
signals in healthy patients.

From this table, it can be inferred that the proposed method demonstrated good performance in uncontrolled
settings and healthy patients, compared to previously validated studies. In addition, it was possible to replicate
the results of [49], with average absolute values delays between 10 and 20 ms, and [51], with average delays of
30 ms in the detection of HS and TO events for the IMU—based system. However, there is an important
methodological difference in the first study, since it was performed in a controlled environment, which can
make the gait pattern appear awkward, forced, and unnatural. Likewise, a decrease in delay times is observed,
in comparison with research carried out by other authors [15], [46], [50], [64]. On the other hand, a tolerance
range of 20 ms lower than those reported in [15], [22], [49] was established. Regarding performance metrics,
an average for recall, precision, and F; - score of 94.398 %, 100 %, and 97.117 %, respectively, was obtained,
exceeding the results reported in [48], [65].

For the results obtained for the AW system, the following contributions are observed. First, it is one of the first
pieces of research that establishes a method for detecting gait cycle events using smartwatches. Secondly, results
similar to those presented in [15], [50], [64] were obtained and improved with regard to [46], with absolute
values delays of approximately 10-28 ms in event detection. Finally, an average F,- score of 94.828 % was
obtained, improving and equaling the results obtained in [48], [65], respectively.
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Table 6. Comparison with other studies on gait events detection using DWT. We abbreviate the references as
Ref., the subject class as Sub. class, and list the IDs of each related subject class. 1: healthy subject and 2:
pathological subject. The test environment is abbreviated as Test env., with the IDs of each related test
environment listed, yes: for controlled and no: for uncontrolled. The tolerance ranges are abbreviated as Tol.

ranges.
Ref Sub. Sensor Measuring Wavelets Test Events Metrics Delavs Tol.
" class  position system family env. detected and Result y ranges
Heel and .
Force Biortogonal HS and
641 @ (ttc?:s) platform (bior2.6) Yes TO B 29 ms a
. Gaussian HS and
[s0] @ Waist IMU (gaus1) No TO - 20-30 ms -
Ankle
and Daubechies HSand  F;-score
8] © s IMU @2 Y10 90 % B S0ms
(L3)
Right Morlet HS and
and le 0 - ms ms
[51] d left IMU | N 30 60
ankle (morl) TO
Accuracy
88/89 %
[65] ® Lower ”\\//:;Jeggd Gaussian . HSand R/ecall ’ 90100 ms -
@ back cameras (gaus2) TO 90/90 %
Specificity
83/88 %
Spine
IMU and
ng @ U video— Morlet y,s  HSand _ 10ms  50ms
cameras (morl) 0
Spine
IMU and .
(L5) - Gaussian HS and
[151 @ C\;Ir?](;?;s (gaus1) Yes TO - 22-25ms 50 ms
Tibialis
[46] (1)  anterior Il\gé,:;nd Daubechies |, . HSand B 70-130 ms -
©) platform (db6—-db5) TO 190-330 ms
Recall
94.398
i 90.168 %
?E:Sr;e Symlets and /Precisiono
This @ wristé IMU and Daubechies No HS and 100 10-20 ms 30 ms
study and AW (sym4 and TO N 10-28 ms
ankles F;-score
97.117
/94.828 %

8. Conclusions

Based on the analysis of the obtained results, the performance of the event detection method developed in this
study is promising for the IMU-based system and innovative in terms of the development of the AW-based
method.
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The analysis of the inertial signals and the synchronization method performed in this study could be useful for
the development of prototypes using inertial sensors, due to their portable characteristics, low cost, and
convenience during configuration and data acquisition procedures. Likewise, the relationship found between
the z—axis angular velocity signal obtained by the AW placed on the wrist, with the morphology of the IMU
signal located at the ankles, could be useful in future research, for example, to measure the functional level of a
person, the efficiency and effects of rehabilitation therapy, the detection of spatiotemporal characteristics and
the frequency domain of human gait, which allow inferences about the stage of the person.

DWT-based analysis of gait cycle events, using the Symlets and Daubechies Wavelet Families provided a
variety of options for decomposition and reconstruction of the angular velocity signal. This technique allowed
us to decompose the signal into different frequency ranges to extract only the important information that is
implicit within a defined range. From the extracted information it was possible to reconstruct a signal with the
maximum and minimum peaks where the temporal events of the marching cycle of interest occurred. Among
the main findings, we can highlight that: (i) decomposing the signal into 6 levels made it possible to visualize
the signal dynamics and identify the relevant characteristics of the gait cycle from 6 different ranges of
frequencies, (ii) the frequency range defined in the interval from 0.781 Hz to 6.250 Hz allowed to extract the
relevant information of the human gait cycle and, (iii) independent of the Wavelet Family used for the IMU—
based system, the reconstructed signal shows the same behavior; for the AW system, minimal variations were
observed in the reconstructed signal that could improve the detection of gait cycle events when using one or the
other family. In this sense, the decomposition of the angular velocity signal in different frequency ranges and
the observation of the signal behavior in each of those ranges is also a relevant contribution to this work, since
the selection of the decomposition levels and the frequency ranges mentioned are tedious tasks and, in some
cases, are omitted or not mentioned in previous studies.

The use of automatic thresholds to characterize the events from the reconstructed DWT signals allowed the
localization of the MSw and HS events for the IMUs and AW-based system, respectively, based on the
summation of the mean value and the standard deviation for each signal. This selection was made taking into
account that these events maintain a constant magnitude throughout the signal, unlike the HS, and TO events
for the IMU-based system and TO for the AW, which could not accurately establish an automatic threshold for
each event. To counteract the limitation of the method, symmetric windows of 0.4 s were established from the
location of the MSw and HS events, which allowed finding the positions of the events close to the characterized
event. The selection not only allowed characterizing and locating the events but also contributed to minimizing
the error in the detections of HS and TO events, as these events present changes in magnitude caused by the
location of the devices in different parts of the body, especially for the signals coming from AW which presented
significant changes in their magnitude.

Finally, the proposed detection method based on DWT was able to detect the HS and TO events immersed in
the angular velocity signal. For the IMU-based system using Wavelet Symlets, it was possible to obtain average
performance metrics of 94.409 % for recall, 100 % for precision, 97.123 % for F; - score, and event detection
delays of 15.273 + 4.951 ms with respect to the reference system. For Wavelet Daubechies an average
performance of 94.378 % for recall, 100% for precision, 97.112 % for F,-score, and detection delays of
15.263 + 4.951 ms was achieved. It was observed that, regardless of the Wavelet Family used, the results
obtained for the IMU-based system are similar, with only 9 events of difference in detection when using one or
the other family. For the AW-based system, an average of 90.278 % was obtained for recall, 100 % for
precision, 94.889 % for F, - score, and delays of 17.828 + 9.196 ms, using Wavelet Symlets. For the Wavelet
Daubechies, it was possible to obtain a recall of 90.058 %, 100 % for precision, 94.768 % for F; - score, and
delays of 17.955 + 9.228 ms. The result obtained showed a difference of 91 events in detection when selecting
one or the other family. The selection of Wavelet Symlets could help to improve the detection of peaks with
lower magnitudes in the signal.

Other contributions of this study are: Other contributions to this study are the synchronization method, the labels
extracted by the SMARTanalyzer® software, and the morphology of the angular velocity signal, which allowed
determining the condition of advance or delay, concerning the reference signal. With this, the synchronization
error was minimized since no protocol was established for the initialization of the acquisition of information of
the instruments during the test. A relationship was found between the angular velocity signal in the z—axis
obtained by the AW placed on the wrist, with the morphology of the IMU signal, located in the ankles. This
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allowed the identification of the main characteristics of the gait signal, such as stance and swing phases and the
inflection points associated with the HS and TO events.

9. Limitations

Limitations of this study include that the performance obtained for the AW system could be associated with
factors such as stiffness, asymmetry in the upper limbs, or problems in the measuring devices. In addition, data
acquisition was performed in a natural environment, where the person was moving overground over a 30—meter
straight hallway at three different speeds (slow, normal, and fast) with no restrictions for 6 minutes. The tests
should be performed in a controlled environment to validate the aforementioned hypothesis. On the other hand,
the test was only performed on middle-aged people with no history of neuromuscular disorders or gait
abnormality, so in order to achieve a generalization of the method, tests should be performed on people of
different age groups.
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