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Abstract—The expression of human gait associated with neu-
rological disorders is difficult to describe and is characterized by
fluctuating predominance in the presence of complex movement
patterns. The analysis of human gait patterns can provide
significant information related to the physical and neurological
functions of individuals, and may contribute to the diagnosis of
human motor disorders in pathological conditions.

The present study seeks to determine the classification capac-
ity of different types of simulated abnormal gait patterns by
recording the accelerations of the center of mass, the extraction
of characteristics in the time and frequency domain and the
classification based on the use of artificial neural networks in
real time.

Index Terms—gait pattern, neural network

I. INTRODUCTION

Human gait refers to the repetitive locomotion pattern of
how a person walks. Although, the process appears automatic
and easy, gait is actually a complex and high-level motor
function [1]. The human body in a bipedal position is propelled
forward, its weight being supported alternately by both lower
limbs [2] [3]. This anterior displacement is directly related
to the anticipatory postural activity, which establishes the
dynamic conditions through specific motor activation [4].
Normal gait requires precise control of limb movements,
posture, and muscle tone, an extraordinarily complex process
that involves the entire nervous system [5]. When any of these
components is compromised, it can generate functional gait
disorders, which are both common and disabling [6]. These
characteristic patterns determine that the type of gait is a
first-order semiological date in the differential diagnosis of
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neurological disorders that affect the musculoskeletal system
[2] and it is relevant to consider that it corresponds to a multi-
factorial system, which means that it is influenced by variables
such as body mass, gender and even other factors such as
depression [7] [8], [9] which explains its high complexity,
making it susceptible to a variety of underlying neurological
abnormalities [5].

There are established methods using various sensors for gait
analysis, of which accelerometers are one of the most often
employed [10] being a reliable method for the study of bipedal
balance and gait in general [11]. This bio-instrument has
become a reference sensor for activity classification systems,
whether on smartphones or portable recording systems [12]
allowing to apply a variety of approaches or classification
algorithms on the extracted acceleration signals [13].

In the present investigation, simulated normal and patho-
logical gait patterns were classified in real time that represent
balance alterations, this by extracting characteristics of the
acceleration signals of the center of mass together with the use
of Artificial Neural Networks with the purpose to improve the
ability to identify movement disorders associated with gait.

II. RELATED WORK

Gait analysis involves a large number of interdependent
variables that are difficult to interpret. Machine learning (ML)
has made it easier to assess and understand gait patterns
[14]. Numerous studies have used different data classification
techniques for gait analysis [15], [16]. Among the most
used are: Support Vector Machines (SVM) [17] [18] [19];



Nearest Neighbor Classifier (NNC) [20] [21]; Artificial Neural
Networks (ANN) [22] [23] [24]. The reported results show that
supervised ML techniques achieve accuracy greater than 90%
in the identification of gait patterns [14]. However, efforts to
recognize gait patterns in real time are still

III. METHODS
A. Experimental protocol

The test consisted of walking on a flat surface a distance of
10 meters in a previously marked straight line. A smartphone
was used as an accelerometer fixed firmly at the lumbar
level by means of a velcro belt. Each subject was instructed
by a clinician specialized in the area of neurorehabilitation,
ensuring the quality of the gesture performed (See figure 1).

B. Dataset

A total of 10 subjects between 21 and 32 years of age,
2 female and 8 male (See table I) were evaluated. Each of
them simulated different gait conditions and dynamic balance
disturbances in a controlled environment supervised by an
expert clinician in gait disorders. The subjects simulated each
gait pattern in 10 consecutive events with a duration of 10
seconds for each recording, obtaining a total of 100 recordings
for each gait pattern. Being a total of 400 records.

At the time of the evaluation, the subjects had to have no
musculoskeletal or neurological alterations that would prevent
functional movement. Prior to the measurements, they were
asked to sign the informed consent on the evaluation to be
carried out, which had been approved by the Ethics Committee
of the faculty of medicine from Universidad Diego Portales
(register number 40-2021).

The abnormal gaits studied correspond to Normal, Parkin-
sonian, Cerebellar and Hemiplegic patterns (See figure 1).

Parkinsonian gait is the characteristic gait of Parkinson’s
disease, characterized by presenting bradykinesia (delayed
movement) with short, slow steps and problems when taking
off the forefoot [25]. The parkinsonian gait is among the most
common gait disorders in the elderly [5]. In the gait pattern
caused by Cerebellar Ataxia, an uncoordinated progression can
be observed that manifests itself with balance problems, which
develops a gait with significant instability; to compensate for
this, the subjects walk with a wide base of support, shorter
steps, increased support phase, sacrificing the swing phase
and causing a lower cadence [26]. Hemiplegic gait is the
result of poor control of the flexor muscles during swing phase
and spasticity of the extensor muscles acting to lengthen the
affected leg. The knee is stiff, hyperextends during stance, and
does not flex normally during swing [27].

C. Signal processing

The center-of-mass acceleration signals were filtered using a
sixth-order Butterworth low-pass filter with a cutoff frequency
of 30 Hz. For feature extraction, a 100-ms window with an 80-
ms increment was used. 33 time-domain features along with
5 spectral power features were extracted (for power edges see
table 1II).

Characteristic Male Female
Subject (n) 8 2
Age (years) 245 £ 351 255+ 212
Weight (kg) 78.62 + 7.11 74 4+ 2.70
Size (m) 1.78 + 0,05 1.635 £+ 0.09
Imc (kg/m”2) 2456 &+ 1.23 27.75 + 7.28
TABLE 1

DESCRIPTION OF SAMPLE.

Features extraction by each plane

acc RMS

acc Peak 1 Height

acc Peak 2 Freq

acc Peak 2 Height

acc Peak 3 Freq

acc Peak 3 Height

acc Spectral Power 0.1 - 0.5
acc Spectral Power 0.5 - 1.0
acc Spectral Power 1.0 - 2.0
acc Spectral Power 2.0 - 5.0

TABLE II
FEATURES EXTRACTED BY EACH PLANE.

For the implementation of the model, we worked with the
Edge Impulse, Inc. software. This software allows record-
ing the movements, processing the signals, generating the
classification through a neural network and exporting the
model to a microcontroller or smartphone, allowing real time
classification .

D. Model

The already presented features was used in order to train
the model. These data were divided into a training percentage
(80%) and a validation percentage (20%) in order to train and
test the model. In total, 100 records were divided for each
gait pattern, 80 to train and 20 to validate. A neural network
with 33 inputs was implemented, 20 neurons in the first dense
layer, 10 neurons in the second dense layer and four neurons
in the second dense layer. output layer. A number of cycles
of 30 was considered together with a learning rate of 0.0005;
the cycles number was limited to 30 after the study of model
loss (See Figure 3 and 4).

IV. RESULTS

The confusion matrix of the implemented model is reported,
specifying the performance for each type of gait evaluated.
A high sensitivity was obtained for each of the gait types.
In the Cerebellar gait it was 97.0%, Hemiplegic 90.3%,
Normal 99.8% and Parkinsonian 98.1% (See Figure 2). We
observe that Hemiplegic is confused with cerebellar because
the accelerometers signals has same type (impulse sequence).



A total precision of 96.3% was obtained along with a loss
function of 0.10 for the validation stage of the study after 30
iterations (See Figure 3 and 4).

V. CONCLUSIONS

The presented model was executed and exported to a
smartphone, allowing real-time evaluation of the different gait
patterns. For the real-time assessment, the trained subjects
were asked to execute each of the gait patterns for 10 seconds
and then change the pattern for another 10 seconds until all the
movement patterns included in this study had been evaluated,
showing a high sensitivity.

This methodology can be used to identify characteristic gait
patterns, which is why the clinical use of this model can be an
additional tool to identify movement disorders. Software such
as Edge Impulse allows the implementation of classification
methodologies quickly, easily and at low cost.

Based on the results obtained in this research, it is necessary
to incorporate different abnormal gait patterns to know the
identification and classification capacity based on methodolo-
gies such as those implemented in this research. Efforts should
aim to include people diagnosed with this type of pathology
in these models.
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Fig. 1. Acceleration patterns in the three planes of movement of the different types of gait.
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Fig. 2. Confusion matrix for multi-class classification
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Fig. 3. Training and validation set loss function for multi-class classification. f;%i'oﬁ‘ Accuracy for the training and validation set for multi-class classifi-




