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ABSTRACT

Particularities in the individuals’ style of walking have been explored for at least three decades as a biometric trait, fueling

the automatic gait recognition field. Whereas, gait recognition works usually focus on improving end-to-end performance

measures, and this work aims at understanding which individuals’ traces are more relevant to improve subjects’ separability.

For such, a manifold projection technique and a multi-sensor gait dataset were adopted to investigate the impact of each

data source characteristics on this separability. The assessments have shown it is hard to distinguish individuals based only

on their walking patterns in a subject identification scenario. In this scenario, the subjects’ separability is more related to

their physical characteristics than their movements related to gait cycles and biomechanical events. However, this study’s

results also points to the feasibility of learning identity characteristics from individuals’ walking patterns learned from similarities

and differences between subjects in a verification setup. The explorations concluded that periodic components occurring in

frequencies between 6Hz and 10Hz are more significant for learning these patterns than events and other biomechanical

movements related to the gait cycle, as usually explored in the literature.

Introduction

Walking is defined as “a method of locomotion involving the use of the two legs, alternately, to provide both support and

propulsion”1. Gait differs from walking because the latter is related to the process itself, whereas gait describes “the manner or

style of walking”1. Particularities in the manner of walking have been explored for at least three decades as a biometric trait

able to discriminate individuals2. The first explored modality was a video-based analysis by generating contours from images

collected by a fixed camera and extracting spatiotemporal gait patterns from these contours3. Three years later, the modality

of sensor floors was proposed, involving a weight-sensitive floor with sensors to measure vertical forces and using them to

construct footstep signatures of the individuals4. The most recent modality of gait recognition is based on inertial sensor data,

such as features extracted from accelerometer data being captured using portable devices5. This last one has been increasingly

explored as mobile and wearable devices with embedded inertial sensors have become more popular and resourceful.

Although biomechanical aspects are extensively exploited in gait analysis literature, gait recognition works usually do not

discuss which factors of gait traits are essential to distinguish individuals. Cycle-based approaches rely on detecting gait cycles

from inertial data to find a gait pattern for each subject, and these gait patterns are used as templates in a direct matching or as

input to a feature extraction process. Frame-based approaches segment inertial data into fixed-length frames and usually rely

on extracting generic features from these frames. These features usually are based on the computation of simple parameters,

such as cycle length and gait cycle frequency, when analyzing gait cycle; or frequency-domain coefficients like Fast Fourier

Transform (FFT) and Wavelet coefficients; or, statistical parameters (e.g., mean, standard deviation, skewness, kurtosis) and

histograms6. Typically, the criteria for choosing specific features and performance measures are not commonly related to or

inspired by biomechanical factors and gait analysis theory.

Furthermore, the recent adoption of deep learning techniques in inertial-sensor-based gait recognition approaches has been

adding more uncertainty about the traces being learned to recognize or identify subjects. In these approaches, deep learning

architectures (e.g., Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN)) learn features directly from

data while minimizing the model error7, 8. The features extracted by these architectures are not easily understandable, and could

be more related to specific dataset characteristics rather than to general gait traits.

This work addresses this interpretability problem by directly investigating which gait traces make individuals distinguishable

from others. These traces are assessed both in used identification and used recognition scenarios. The assessments were

designed to answer questions about the reliability and generalization of walking patterns as identity characteristics capable of
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distinguishing individuals. This study presents evidence towards understanding whether gait cycle events and biomechanical

movements, usually considered in gait analysis, are helpful discriminative components in gait recognition and identification

applications.

For this study, a multi-sensor gait dataset was used to investigate the impact of each sensor’s data acquisition characteristics

on subject identification. This dataset comprises synchronized inertial and optical motion data and was captured under controlled

conditions, allowing the comparison of gait analysis aspects from both systems without the interference of external factors

such as differences in the floor, walking paths, or shoes. Optical motion data provides three-dimensional trajectories more

precisely but requires specific installations in a controlled environment. The inertial sensor is a low-cost device that captures

accelerations unobtrusively but is simultaneously more susceptible to capture noise. The two sources were used to identify

which gait traces generalize along with both.

The separability patterns were assessed using manifold projection techniques. These analyzes were carried out in light of

gait and biomechanics theory. They aim at explaining the relation of walking movement components to gait cycle events and

other biomechanical movements occurring within the gait cycle. This study is also helpful in determining essential factors for

developing more reliable features in a gait recognition approach.

Results

This section presents questions about gait acting as biometrics and assessments aimed to answer them. All investigations were

carried out using the dataset described in the Methods section. The analyses used the generated frames of marker trajectories

and the microcontroller’s (MCU) accelerometer readings.

Because the MCU accelerometer was placed on the middle of the thigh, the markers located on landmarks near it were used

as reference. These landmarks are listed bellow, and their placement jointly to MCU location are depicted in Figure 1.

Figure 1. Landmarks of the analyzed markers

near the MCU location.

ias: Anterior-superior iliac spine;

ftc: Most lateral prominence of the right greater trochanter;

fme: Most medial prominence of the medial femoral epicondyle;

tcc: Most anterior border of the tibial tuberosity;

fax: Proximal tip of the head of the fibula;

fle: Most lateral prominence of the lateral femoral epicondyle;

MCU: Microcontroled device with the accelerometer. In Figure 1,

the MCU is placed on the left thigh, but it was exchanged between

both legs, as described in9.

This work adopts the Uniform Manifold Approximation and Projection for Dimension Reduction (UMAP) to perform the

visualization and separability analysis. UMAP aims to construct a topological representation of the high-dimensional data and

use it to optimize its equivalent low-dimensional topological representation using local fuzzy simplicial sets10. This implies a

low-dimensional data projection that is highly correlated to the original high-dimensional representation.
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How to model the walking movement?

Walking movements are captured by sampling a continuous-time signal at regular time intervals T. This process results in a

discrete-time representation x[n] of the continuous signal X(t) given by: x[n] = X(nT ), in which n is the sample number. The

sampling rate Fs defines the number of samples per second, and is given by Fs = 1/T 11.

The walking movement is composed by gait cycles. A gait cycle comprehends the time interval between the two consecutive

occurrences of one of the walking events1. These cycles are comprise two phases, stance and swing, and particular walking

events, such as toe off and initial contact. As gait is composed of several repetitions of walking events, Fourier Series can be a

valuable model to describe it.

The Fourier Series models periodic signals by weighted sums of complex exponentials whose frequencies are integer

multiples of a known fundamental frequency F11. This process allows to observe a great energy concentration in frequencies

that are multiples of F . The Discrete Fourier Transform (DFT) is commonly employed to obtain the Fourier representation

of a discrete signal. The DFT of a finite-length sequence relates to its Discrete Fourier Series by highlighting the energy

concentrations in the frequencies that are multiples of the fundamental frequency, which appear as lobes in the signal’s DFT

coefficients. The DFT of a discrete signal is defined in Equation 1.

X [k] =
N−1

∑
n=0

x[n]e−i 2πk
N n (1)

The DFT yields a frequency-domain signal X [k], where X [k] is the signal’s energy at frequency kFs/N Hz. In this case, N is

the window length used to calculate the DFT. In the DFT coefficients X [k] appear lobes of higher magnitude when kFs/N Hz

corresponds to a frequency multiple of the fundamental F . However these coefficients highlights frequency components that

are not necessarily part of the Fourier Series of x[n]. However, .

A example of a frequency-domain signal X [k] obtained from marker trajectories is shown in Figure 2. This Figure presents

a walking signal obtained using a leg marker on the left side, and zoom from 0Hz to 10Hz of the DFT coefficient magnitudes

obtained from this signal, expressed in units of decibel (dB), on the right side.

Figure 2. An example of walking signal captured by a leg marker (on the left), and a zoom from 0Hz to 10Hz of its

corresponding Fourier coefficients (on the right) with the fundamental frequency (circle in red) and the other harmonics (circles

in orange) highlighted.

As presented in Figure 2, the magnitude of frequency 0Hz (the DC component) has a notably high magnitude. This compo-

nent represents the signal’s average value. Also, this Figure shows that the signal’s fundamental frequency is around 0.94Hz (cir-

cled in red), thus its harmonics (represented by orange circles) are at {0.94Hz 1.88Hz 2.82Hz 3.76Hz . . . m∗0.94Hz},
in which m is the m-th harmonics. As discussed before, the harmonics are associated with lobes of higher magnitude, which

can be seen as local maxima in the DFT magnitudes.

There are also additional other information represented by the energy accumulated in non-harmonics frequencies. For

example, important periodic information are located on frequencies between the harmonics, called intra-harmonics. In the

case of walking signals, the DFT highlights: i) relevant gait characteristics related to the harmonics (e.g., gait cycles, steps.);

ii) the DC component that describes the data bias; and iii) important periodic information unrelated to the gait cycle in the

non-harmonic frequencies. Therefore, the DFT coefficients were adopted as feature vectors for mostly analyzes of this study.
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How reliable is it to distinguish different subjects based on their gait using their trajectories or accelerations?

Figure 3 presents the scatter plot of the UMAP bi-dimensional projections using feature vectors extracted from MCU’s

accelerometer readings, and trajectories of the most relevant analyzed markers. Because of the DFT symmetry property, these

features were extracted for each frame by adopting the DFT coefficient magnitudes of frequencies higher and equal to 0Hz. The

resulting projections were plotted using a scatter plot, in which the colors differ from the 25 subjects of the dataset according

to the color bar on the left side of each plot. This clustering of subjects relates to how gait recognition based on subject

identification works, which aims to achieve separability between the dataset subjects.

(a) Projections from MCU’s accelerometer readings. (b) Projections from ftc trajectories.

(c) Projections from markers’ trajectories placed on ftc and

fle landmarks.

(d) Projections from markers placed on the landmarks ftc,

fle, and fax.

Figure 3. Bi-dimensional UMAP projections using the DFT coefficients of different signal sources. Each color corresponds to

a subject. The MCU accelerometer readings lead to more spread clusters than the trajectories. Using more trajectory markers

lead to more compact clusters.

The subjects’ clusters generated by the accelerations’ projection (Figure 3a) are weakly separated, and only a few of these

clusters are reasonably defined, such as the individuals of id 5, 23, and 30. Likewise, the projections calculated from only

one marker’s trajectories (Figure 3b) do not provide a clear cluster visualization. However, the clusters from trajectories still

visually less spread than in Figure 3a.

Furthermore, concatenating feature vectors from more than one marker simultaneously (Figure 3c and Figure 3d), leads

to clusters gradually more delineated, and the distances among these clusters become larger. However, this analysis is still

inconclusive about whether this difference is due to the nature of the measured phenomenon (trajectory vs. acceleration) or to

possible additional identity information captured by trajectories.
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Is there any additional identity information about the subjects in accelerometer’s and markers’ trajectories beside than

the way they walk?

According to Figure 3 and its previous discussion, trajectories captured by markers on body landmarks might comprehend

identity information additional to gait traits. This hypothesis can be verified by first investigating the Fourier coefficients

of the accelerations and trajectories, aiming to notice any difference interpreted as identity information. Figure 4 presents

DFT magnitudes (in units of a decibel) calculated from markers trajectories (fle and ftc) and MCU’s accelerations of two

different random subjects.

(a) Example of DFT magnitudes obtained

from accelerometer readings of subject 1.

(b) Example of DFT magnitudes obtained

from ftc trajectories of subject 1.

(c) Example of DFT magnitudes obtained

from fle trajectories of subject 1.

(d) DFT magnitudes obtained from

accelerometer readings of subject 9.

(e) Example of DFT magnitudes obtained

from ftc trajectories of subject 9.

(f) DFT magnitudes obtained from fle

trajectories of subject 9.

Figure 4. Examples of DFT magnitudes (in units of decibel) extracted from markers’ trajectories and MCU’s accelerometer

readings captured by two random subjects. First row shows the DFT magnitudes ftc and fle trajectories, and accelerations

of a subject-one’s trial. The second row presents the corresponding DFT magnitudes of a subject-nine’s trial.

According to the examples shown in Figure 4, the DC components (magnitude in 0Hz) of both markers are higher than the

magnitudes of other frequencies for both subjects. This does not occur to DFT magnitudes from the accelerations. It suggests

more impact of trajectories’ bias than the accelerations’ one on the learned identity characteristics, which might explain the

differences among the projections of Figure 1. The DC component was removed from all trajectories and accelerations by

a band stop filter at 0Hz to verify this hypothesis. Figure 5 shows the projections after band-stop filtering of the markers’

trajectories and accelerometer readings.

The DC component on the DFT magnitudes of trajectories describes identity characteristics related to the subject’s height,

as it is related to their body parts’ lengths. For example, the fle marker is placed on the most lateral prominence of the lateral

femoral epicondyle, which is approximately the subject’s knee height. Figures 5b-5d demonstrate the impact of DC component

on the trajectory feature vectors, reducing the subject separability when removing it (in comparison to Figures 3b-3d). Thus,

the trajectories carry identity information unrelated to gait traits; this information is more permanent (between different days)

and has a higher impact on the subject’s identification process than the gait itself. Importantly, this aspect is also present on

vision-based gait recognition, in which most works use silhouette extraction or pose estimation to generate the features2.

On the other hand, the DC component on the DFT magnitudes of the accelerations represents the environment gravity

force. This is the same for all the dataset subjects, once they captured data on the same straight-level walkway and controlled

environment. Figure 5a confirms this, depicting a similar separability among subjects to the one shown in Figure 3a. Therefore,

in this case, the DC component does not contribute to the subject’s identification, which explains the differences among the

resulting projections showed in Figure 1.

5/17



(a) Projections of the accelerations. (b) Projections of ftc trajectories.

(c) Projections from trajectories of markers placed on the

landmarks ftc and fle.

(d) Projections from trajectories of markers placed on the

landmarks ftc, fle and fax.

Figure 5. Bi-dimensional UMAP projections using the DFT coefficients of different signal sources after being stop-band

filtered at 0Hz. Each color corresponds to a subject. After removing DC component, the trajectory clusters become more

spread. However, this almost not affect the MCU accelerometer readings because its DC component corresponds to the gravity.
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How reliable and generalizing is it to learn common characteristics between data from the same subject and data from

different individuals?

Based on the previous discussion about additional identity information acquired by the subject’s trajectories, further analyzes

are performed using trajectories and accelerations filtered by a band-stop filter at 0Hz (to remove the DC component).

Figure 5 establishes a specific limitation of subject identification using biometrics information without the subjects’ body

characteristics. However, another approach commonly adopted in biometrics recognition is subject identity verification. In this

problem, there is only one subject of interest (the authorized subject, usually the device owner), and data is used to learn the

authorized subject patterns in contrast to patterns of non-authorized subjects.

This verification process can be performed by analyzing the relationships between pairs of feature vectors, aiming to verify

whether they are from the same subject or from different individuals. This leads to a type of model that relies on the hypothesis

of being viable to learn separability patterns through analysing pairs of feature vectors from same subject and from different

subjects.

This methodology was applied in Santos et al.12, in which a deep-learning-based solution was proposed to learn profiling

patterns of “same user” and “different users”, and achieve an user-agnostic method for identity verification based on motion

traits. Applying this idea, the feature vectors composed by DFT components of the individuals were combined. In this case,

pairs of feature vectors from same and different subjects were subtracted and element-wise multiplied. Using a mathematical

notation, these same-subject pairs using the i-th and j-th feature vectors, f v, of the subject γ were combined by:

(| f vγi
− f vγ j

|, | f vγi
⊙ f vγ j

),

in which 1 ≥ x ≤ 25, 1 ≥ i ≤ Nγ and 1 ≥ j ≤ Nγ being Nγ the total number of frames of the subject γ .

Whereas, different-subjects pairs using the i-th and k-th feature vectors of subjects γ and ζ , respectively, were combined by:

(| f vγi
− f vζk

|, | f vγi
⊙ f vζk

),

in which 1 ≥ x ≤ 25, 1 ≥ y ≤ 25, x 6= y, 1 ≥ i ≤ Nγ being Nγ the total number of frames of subject γ , 1 ≥ k ≤ Nζ being Nζ the

total number of frames of subject ζ .

Figure 6 depicts the UMAP bi-dimensional projections produced by UMAP using the pairs of same and different subjects,

which were created through the DFT feature vectors from the subjects’ trajectories and accelerations.

As shown in Figure 6, learning separability patterns between pairs of feature vectors from same and different subjects

is more viable than discriminating individuals by their gait characteristics. An interesting fact when comparing Figure 6 to

Figure 5 is that additional markers improve the subjects’ identification, but make the learning of relationships from the pairs

more complicated, specifically for the pairs from the same subject. This can be related to the difficulty of finding common

characteristics given the variability increasing related to specific components of each marker trajectories (e.g., noise generated

by the marker movement on the skin, more variability on marker placement, noise related to the calibration errors and occlusion).

This indicates that using a single marker is enough for subject verification.

A concern about learning the separability patterns from same-subject and different-subjects pairs refers to their generalization

capability when adding data from new individuals. This was assessed by training a supervised UMAP using data from half of

the dataset subjects (training subset) and validating the learned patterns using the remaining 12 individuals’ data (test subset).

Same-subject pairs kept being generated using each subject’s feature vectors from acquisition of first and second day, whereas

different-subject pairs were obtained combining only feature vectors from individuals of the corresponding subset, training

or test. Figure 7 shows the obtained bi-dimensional projections from these same-subject and different-subjects pairs using

supervised UMAP. The resulting projections of pairs generated using feature vectors from individuals of training and test sets

are plotted to verify the generalization achieved by the learned separability patterns.

By comparing plots of Figure 7 to the ones of Figure 6, it is noticeable that learning relationships between feature vector

pairs of same and different subjects using supervised UMAP allowed to improve the clusters separability and generalize this to

the testing subjects. Figure 7d follows the previous pattern of Figure 6d, in which the variability increasing of additional marker

feature vectors interferes on the learning of those relationships, specially for the same-subject pairs. Considering this factor

and keep analyzing separability generalization, further analysis will be presented using supervised UMAP and feature vector

pairs from one marker trajectories, in this case, fle marker because it presented better separability patterns in supervised

UMAP than the ftc. Investigations using MCU’s accelerometer readings also are important to compare trajectory patterns to

acceleration ones. Supplementary Figures S1-S3 provide investigations about training UMAP using other random individuals’

subsets and reducing the number of subjects for training to three and six. This allows assessing generalization aspects of the

learned similarities and dissimilarities using other possible combinations of subjects for the training, and the impact of reducing

the number of training individuals to achieve this generalization.
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(a) Projections of feature vector pairs generated from

accelerations.

(b) Projections of feature vector pairs generated from ftc

trajectories.

(c) Projections of feature vector pairs generated from trajectories

of markers placed on the landmarks ftc and fle.

(d) Projections of feature vector pairs generated from trajectories

of markers placed on the landmarks ftc, fle and fax.

Figure 6. Bi-dimensional UMAP projections using the feature vector pairs generated from different signal sources without the

DC component. The clusters of pairs from same subject and different subjects are visually separated. Combination of

trajectories from additional markers decreases the separability.
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(a) Projections of feature vector pairs generated from

accelerations without the DC component.

(b) Projections of feature vector pairs generated from ftc

trajectories without the DC component.

(c) Projections of feature vector pairs generated from fle

trajectories without the DC component.

(d) Projections of feature vector pairs generated from trajectories

without the DC component of markers placed on the landmarks

ftc, fle and fax.

Figure 7. Bi-dimensional UMAP projections using the feature vector pairs generated from different sources after removing

the signals’ DC component. Four folds of pairs were generated: training set of same-subject pairs, training set of

different-subjects pairs, test set of same-subject pairs, test-set of different-subjects pairs. The clusters of pairs from same

subject and different subjects are visually separated for training set and test set. The overlap between training set and test set

pairs indicates generalization between different set of individuals.
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What information are more relevant to determine the identity characteristics present in walking data?

In the Fourier Series model for gait, the fundamental frequency refers to the gait cycle frequency, whereas other events which

subdivide the gait cycle and have common movements (e.g., flexion, extension, changes between flexion and extension) encoded

in the magnitudes of the harmonics. This property leads to feature vectors consisting of the fundamental frequency and the

magnitudes of the first 10 harmonics. From these feature vectors, pairs from the same and different subjects were constructed

as described previously. Figures 8a and 8b show the resulting two-dimensional UMAP projections of these harmonics pairs

calculated from MCU’s accelerometer readings and fle marker trajectories, respectively.

(a) Projections using pairs of harmonics-based feature vectors

extracted from the accelerometer readings.

(b) Projections using pairs of harmonics-based feature vectors

extracted from fle trajectories.

Figure 8. Bi-dimensional UMAP projections using the pairs of harmonics-based feature vectors generated from different

signal sources. Four folds of pairs were generated: training set of same-subject pairs, training set of different-subjects pairs, test

set of same-subject pairs, test-set of different-subjects pairs. The clusters of pairs from same subject and different subjects are

weakly separated.

According to Figure 8, harmonics information might not be enough to provide a good separability between feature vector

pairs of same and different subjects. Particularly, when these projections are compared to those from DFT features using all

frequency components (without the DC component) in Figure 6, the clusters obtained from the harmonics pairs are poorly

delineated and closer to each other. As this harmonics analysis demonstrated inadequate to provide better distinctness between

pairs of same and different individuals, investigations about frequency ranges were designed.

Given that people usually walk at a maximum stepping frequency of about 2.5Hz13, their maximum cycle frequency is

around 1.25Hz. Gait events were reconstructed through the 3D skeleton view of QTM software. Considering that fle presented

better pairs discrimination among the analyzed markers and it is a landmark of the knee, the gait cycle reconstruction was based

on the knee movements. The QTM skeleton view in conjunction with fle landmark trajectories, as well as knee joint angle

reference (Figure 2.5, in1), were used to approximately determine the moments of gait events in this landmark. Figure 9 shows

the gait events, phases and the corresponding feet positions of a gait cycle by the right leg. These events and phases, as well as

the periods of flexion and extension, and the approximated moments which happen changes between flexion and extension for

the fle landmark trajectories are depicted in Figure 10. The comparison between these two Figures allow to understand the

movements performed by the knee during a gait cycle.
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Swing phase Stance phase 

Toe off Feet
adjacent Toe off Heel rise Opposite

toe off 
Initial

contact 

Initial swing Mid-swing Terminal swing Loading response Mid-stance Terminal stance Pre-swing 

Tibia
vertical 

Opposite
initial contact 

Figure 9. Phases of a gait cycle and the positions of legs during walking events of a cycle started by the right leg (in blue).

Based on BoH, File Walk cycle, CC BY-SA 4.0, via Wikimedia Commons.

Figure 10. Gait cycle events observed on fle marker trajectories, including the

moments of flexion and extension.

TO: toe off;

FA: feet adjacent;

TV: tibia vertical;

IC: initial contact;

OTO: opposite toe off;

HR: heel rise;

OIC: opposite initial contact.

The knee presents two flexion and two extension peaks during each gait cycle1. Thus flexion periods, as well as extension

ones, occur twice in a cycle. The points in which flexion and extension are exchanged appear four times in a gait cycle, i.e.,

double stepping frequency. Therefore, all gait events and movements of fle landmark might occur at a maximum frequency

of four times the maximum cycle frequency, i.e., about 5Hz. Figure 11 shows examples of fle trajectories low-pass and

high-pass filtered at three different frequencies: 3Hz, 6Hz and 10Hz. A low pass with a cutoff frequency of 3Hz guarantees the

inclusion of frequency components related to gait cycle, gait events, and steps. A cutoff frequency of 6Hz encompasses other

possible movements within a gait cycle, such as the changes between flexion and extension. The cutoff frequency of 10Hz was

chosen because, higher than this frequency, the DFT magnitudes are drastically reduced compared to magnitudes of the lower

frequencies.

Comparing Figure 11a to Figure 10, some movements related to gait cycle are not present in the 0Hz-3Hz band of the fle

trajectories. Additionally, whereas z-axis fle trajectories of a complete gait cycle, in this example, show a displacement of

about 60mm, fle trajectories are high-pass filtered at 3Hz yet demonstrate a displacement of about 20mm. This represents

one-third of the main gait cycle displacement and confirms that movements within a cycle are not completely described in

frequency components up to 3Hz. On the other hand, by comparing Figure 11c to Figure 10, the gait events and related

biomechanical movements are represented in this fle trajectories low-pass filtered at 6Hz. This fact is ascertained by the

low range displacement of z-axis fle trajectories high-pass filtered at 6Hz in Figure 11d, only about 4mm. The trajectories

low-pass filtered at 10Hz, in Figure 11e, are similar to the ones low-pass filtered at 6Hz (Figure 11c), reassuring that no relevant

periodic related to the gait cycle occur in a frequency higher than 6Hz. Figure 11f also demonstrates an even lower range

displacement of the fle trajectories high-pass filtered at 10Hz – of about 2mm, which is closer to the average residuals and

standard deviation found in the system calibration9.
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(a) fle marker trajectories low-pass filtered at 3Hz. (b) fle marker trajectories high-pass filtered at 3Hz.

(c) fle marker trajectories low-pass filtered at 6Hz. (d) fle marker trajectories high-pass filtered at 6Hz.

(e) fle marker trajectories low-pass filtered at 10Hz. (f) fle marker trajectories high-pass filtered at 10Hz.

Figure 11. Example of fle trajectories filtered by low-pass and high-pass filters at 3Hz, 6Hz and 10Hz.
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Based on these observations of Figure 11, 2-D UMAP projections were generated from DFT components of MCU’s

accelerometer readings and fle trajectories low-pass filtered at 10Hz, and 6Hz. In addition, the trajectories and accelerations

were band-pass filtered using the cutoff frequencies 6Hz and 10Hz. This band-pass filter is useful to verify the achievable

separability using periodic information not properly related to events and biomechanical movements of the gait cycle but

removing possible noises and system-related information comprised in frequencies higher than 10Hz. This manifold projection

experiment adopted the same process of training UMAP with feature vector pairs of same and different subjects, using a subset

of 13 individuals, and validating with pairs of the remaining 12 individuals. The resulting 2-D projections are depicted in

Figure 12.

The impact of removing components of frequencies higher than 10Hz and those higher than 6Hz was not expressive to

improve the separability between feature vector pairs of same and different subjects, when comparing Figures 12b and 12d to

Figure 7c, and Figures 12a and 12c to Figure 7a. This confirms that magnitudes of frequencies lower than 10Hz are considerably

higher than those of frequencies higher than 10Hz, and most gait-cycle-related movements are described in frequencies lower

than 6Hz. However, the projections using feature vector pairs of accelerations and fle trajectories band-pass filtered from 6Hz

to 10Hz (Figures 12e and 12f) demonstrated better separability between those pairs of same and different individuals than those

obtained using accelerations and trajectories low-pass filtered at 6Hz and at 10Hz, as well as better generalization observed

by applying the learned separability patterns from training subjects to testing ones. Also, the clusters generated using the

pairs from accelerations, Figure 12e, present similar uniform distribution to those achieved from fle trajectories, Figure 12f,

which indicates similar information being captured by trajectories and accelerations within this frequency range. This analysis

suggests that the motion information able to distinguish identity characteristics of trajectories and accelerations from same and

different subjects are not exactly correlated to the events and biomechanical movements related to the gait cycle.

Although the frequency components between 6Hz and 10Hz are still related to periodic movements, the associated

movements to this frequency range are not fully explained in gait analysis literature. Usually, a 6Hz cutoff frequency is used

to perform kinetics and kinematics analysis14. Hence about 99% of the signal power is concentrated up to this frequency15.

However, some recent works have been adopted a cutoff frequency of 10Hz to cover additional biomechanics’ applications

range14. Some examples of relevant components present in frequencies above 6Hz are ground stabilization, impact forces -

both related to the body mass16; and muscles vibration, associated with the individuals’ muscle fiber compositions17.

Figure 13 depicts the gait events highlighted in raw trajectories captured by the fle marker, and corresponding trajectories

band-pass filtered from 6Hz to 10Hz, being possible to determine the approximated events in which these high-frequency

components (between 6Hz and 10Hz) are correlated. The magnitudes of these components are visually higher in the swing

phase than in instance one. A similar pattern of these components occurs near the intervals between initial contact and opposite

toe-off and between opposite initial contact and toe-off. This coincides with vertical ground forces found in the double-hump

pattern occurring near opposite toe-off and before opposite initial contact16. Additionally, experiments using electromyography

sensors (EMG) demonstrated thigh muscle excitation patterns between initial contact and opposite toe-off, between opposite

initial contact and toe-off, and before initial contact18. Thus, these components demonstrated to be more relevant as identity

characteristics to distinguish individuals than events and movements related to the gait cycle.

Figure 13. A gait cycle of raw fle marker trajectories and of these band-pass filtered from 6Hz to 10Hz. The gait events are

defined and highlighted as in Figure 10.
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(a) Projections using feature vector pairs from accelerations

low-pass filtered at 10Hz.

(b) Projections using feature vector pairs from fle trajectories

low-pass filtered at 10Hz.

(c) Projections using feature vector pairs from accelerations

low-pass filtered at 6Hz.

(d) Projections using feature vector pairs from fle trajectories

low-pass filtered at 6Hz.

(e) Projections using feature vector pairs from accelerations

band-pass filtered from 6Hz to 10Hz.

(f) Projections using feature vector pairs from fle trajectories

band-pass filtered from 6Hz to 10Hz.

Figure 12. Bi-dimensional UMAP projections using the feature vector pairs generated from accelerations and marker

trajectories filtered at different frequencies. Four folds of pairs were generated: training set of same-subject pairs, training set

of different-subjects pairs, test set of same-subject pairs, test-set of different-subjects pairs. The band-pass filtering from 6 Hz

to 10 Hz lead to the greatest separability for the pairs. The train and test sets consistently overlap, indicating generalization.
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Discussion

The investigations have shown the difficulty of distinguishing individuals based on their walking trajectories or accelerations in a

subject identification scenario, even in a dataset captured under controlled conditions. Additionally, this study demonstrates that

subjects’ identification, usually employed in gait recognition literature, is more related to these subjects’ physical characteristics,

such as height or length of body components, than their movements related to gait cycles and events.

However, the results of this study also pointed the viability of learning identity characteristics from individuals’ walking

trajectories or accelerations through separability patterns obtained according to similarities and differences among feature

vectors pairs of same and different subjects. Furthermore, these patterns presented generalization capability by learning them

from a subset of individuals and extending it to another subset containing unknown ones.

The identity characteristics were explored to comprehend which individuals’ traces are more relevant to improve the

separability patterns. The explorations concluded that periodic components occurring in frequencies between 6Hz and 10Hz

are more significant for learning these characteristics than events and other biomechanical movements related to the gait cycle.

These components are not entirely explained in gait analysis literature, although it is conceivable to state the relation of this

frequency range to muscle excitation and vertical ground forces patterns16, 18, for example.

This study was limited to laboratory data, captured under controlled conditions, aiming to reduce potential interference of

external factors in the analysis. Thus, a potential extension of this study is to verify the suitability of the found conclusions

using in-the-wild data captured in a non-controlled environment, and considering daily life conditions. This additional analysis

is vital to verify the impact of external and environmental factors to learn and generalize the established separability patterns

between same-subject and different-subject feature vectors.

Methods

Multi-sensor gait dataset

The multi-sensor human gait dataset9 was adopted to analyze the reliability and generalization of gait recognition. This dataset

comprises data from 25 subjects walking in a straight-level walkway with 42 reflexive markers over their body and a smartphone

and a microcontroller device with an accelerometer attached to their legs. Data were recorded on two different days, being

captured ten trials in each day. All subjects walked barefoot across the same path in a controlled capture laboratory, using

tight-fitting outfits to prevent any external or environmental factors from affecting the further analysis. Santos et al.9 processed

the trials by gap-filling the trajectories and generating walking synchronized sessions of all sensors. These processed walking

sessions were used in this work.

Ethical statement

McGill University’s Research Ethics Board Office approved the acquisition of the multi-sensor human gait dataset and this

research study (REB File # 198-1019). The data acquisition and this study was performed in agreement with the Helsinki

declaration and its former amendments. Also, the data capture was conducted in accordance to the McGill University Policy

on the Ethical Conduct of Research Involving Human Participants, and the Canada’s Tri-Council Policy Statement: Ethical

Conduct for Research Involving Humans. All participants provided signed informed consent prior to entering the study.

Data processing and analysis

The proposed investigations were accomplished using trajectories of the leg markers and MCU’s accelerometer readings

intending to discuss topics related to gait analysis. The trajectories and accelerations of walking sessions extracted from trials

were pre-processed by being split into frames using a sliding window of 256 samples and overlap of 75%.

Trajectories and accelerations have three axes, considering the cartesian coordinate system: x and y being two horizontal

directions that compose a horizontal plane, and z being the vertical direction. These axes were aligned during the calibration of

systems, as described by Santos et al.9. In the case of trajectories, the x-axis captures only the subject displacement. In the case

of both trajectories and accelerations, the z-axis captures the patterns of body force exerted on the ground, whereas the y-axis

denotates the lateral movement, which works as compensation of z-axis impulses to keep the resulting force aligned to the

hip19. Thus, z-axis is the one that contains more critical information about gait cycles, events, and biomechanical movements.

Therefore, only the z-axis of trajectories and accelerations were considered for the investigations.

Discrete Fourier Transform (DFT) coefficients of each frame z-axis were obtained, and the magnitude of those coefficients

related to the frequencies higher and equal to 0Hz (half of the coefficients because of its symmetry) were used as feature vectors.

DFT coefficients were calculated using the Numpy FFT module (https://numpy.org/doc/stable/reference/

routines.fft.html). This is an implementation of Fast Fourier Transform algorithm20 proposed to determine the signal

DFT in a more efficient way than computing by it directly by its definition.
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Fundamental frequencies were calculated using Christian’s Python Library (https://homepage.univie.ac.at/

christian.herbst/python/namespacedsp_util.html), which applies an autocorrelation method based on

Praat’s autocorrelation function. Given that the signals were split into frames during pre-processing stage, the function

calculateF0once() was preferred as it is faster than the calculateF0() one.

Filtering processes were mainly handled by the Scipy Signal Processing Python module (https://docs.scipy.org/

doc/scipy/reference/signal.html). The function scipy.signal.butter was employed to design Butterworth low-pass,

high-pass and band-pass filters. The band-stop filter was designed using the pole-zero placement method21. All the designed

filters were applied to the trajectories and accelerations using the Scipy Signal Processing function scipy.signal.lfilter.

The dimension of obtained feature vectors were reduced using UMAP to analyze the manifolds by basic visualization meth-

ods, like scatter plots. The official implementation of UMAP in Python was used10 (https://github.com/lmcinnes/

umap). The reduced dimensionality space was set as two aiming to generate more understandable visualizations.
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