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In the present scenario like COVID-19 pandemic, to maintain physical distance, the gait-based biometric is a must. Human gait
identification is a very difficult process, but it is a suitable distance biometric that also gives good results at low resolution
conditions even with face features that are not clear. This study describes the construction of a smart carpet that measures
ground response force (GRF) and spatio-temporal gait parameters (STGP) using a polymer optical fiber sensor (POFS). The
suggested carpet contains two light detection units for acquiring signals. Each unit obtains response from 10 nearby sensors.
There are 20 intensity deviation sensors on a fiber. Light-emitting diodes (LED) are triggered successively, using the
multiplexing approach that is being employed. Multiplexing is dependent on coupling among the LED and POFS sections.
Results of walking experiments performed on the smart carpet suggested that certain parameters, including step length, stride
length, cadence, and stance time, might be used to estimate the GRF and STGP. The results enable the detection of gait,
including the swing phase, stance, stance length, and double supporting periods. The suggested carpet is dependable,
reasonably priced equipment for gait acquisition in a variety of applications. Using the sensor data, gait recognition is
performed using genetic algorithm (GA) and particle swarm optimization (PSO) technique. GA- and PSO-based gait template
analyses are performed to extract the features with respect to the gait signals obtained from polymer optical gait sensors
(POGS). The techniques used for classification of the obtained signals are random forest (RF) and support vector machine
(SVM). The accuracy, sensitivity, and specificity results are obtained using SVM classifier and RF classifier. The results
obtained using both classifiers are compared.

1. Introduction

Utilizing biometric information, identity recognition is
being done in many scenarios. Even gender recognition
and age estimation are being done by such information.
Human age estimation has emerged as an important area
of research [1], such that minors can be prevented from pur-
chase of banned items and also access of inappropriate web
pages. Further, elderly monitoring and human–computer

interaction are feasible. Initially, age estimation was done
on facial features. At distance, the facial features have low
resolution on constrained details [2]. Every gait cycle con-
sists of two steps and spans the time between the first time
an event occurs with a particular foot and the next time it
occurs with the same foot. Due to their superior elasticity,
reduced Young’s modulus, better strain limitations, impact
strength, and shock resistance, polymer optical fibers (POFs)
outperform silica optical fibers [3]. The use of POF for gait
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examination has several applications in the clinical setting,
including sensors for tracking joints angular movement, heel
pressure, gait frequency, and foot positioning during the stride.
Over the years, many POF sensor designs have been put forth,
fiber Bragg gratings (FBGs), and interferometers. In terms of
cost, manufacturing complexity, and signal processing simplic-
ity, intensity variation-based sensors outperform the others.
Since each sensor would need a photo-detector and a light gen-
erator, the absence of multiplexing abilities poses a significant
obstacle to the implementation of intensity deviation sensors
in the measurement of multiple parameters.

In Leal-Junior et al. [4], an insole POF-based gait signal
detector and an intensity deviation POF curve sensor were
created. For the practical testing of the sensors, a robotic
leg and an electrical stimulating system for gait intervention
were utilized. A method to monitor ground reaction force
(GRF) throughout the gait phase was described in Leal-
Junior et al. [5]. Because of the viscous elasticity, this poly-
mer is not able to respond in accordance with stress consis-
tently. Therefore, a method compensating for this impact is
also suggested. Avellar et al. [6] created an intelligent carpet
for measuring gait patterns and GRF built on POF. One fiber
of the recommended carpet includes amplitude variability
sensors and two photodiodes for acquiring signal. Multiplex-
ing technology is centred on coupling among the luminaires
and POF longitudinal portions. Specifically, built wearable
foot sensors implanted in the shoe liner were used by
Bucinskas et al. [7] to develop a system for fall prediction.
By analysing, parameters such as weight, step size, and tim-
ing of phase enable gait evaluation.

A multiplexing strategy relying on light source coupling
was presented in as a solution to this problem. In this tech-
nology, photo-detectors are placed above POF edges; mea-
sure the power of sensors’ optical fluctuation during the
activation of light sources. This approach yields better spa-
tial resolution. Additionally, compared to other systems,
the intensity deviation multiplexing approach produces a
device at a cheaper cost [8]. Involving a mainframe can
improve surveillance systems’ intelligence, analyse customs,
and allow robots [9]. Artificial intelligence-based gender cat-
egorization may utilize facial [10], vocal [11], or gait [12]

inputs. Among these, gait has become the most sophisticated
feature, being detected from a distance [13]. Many pioneer-
ing works on this have been reported. Furthermore, gait can
be utilized for gender classification as done by Kozlowski
and Cutting [14].

This research introduces the development of a smart plat-
form that measures GRF and spatio-temporal gait parameters
(STGP) using a polymer optical fiber sensor (POFS). The POF
is made up of polymethyl methacrylate (PMMA), fluorinated
polymer cladding, and polyethylene coating. The features
obtained from theproposedPOFS in the formof signals are given
to the classifier to analyse the gait. The accuracy, sensitivity, and
specificity results are computed by utilizing various classifiers
such as support vector machine (SVM) and random forest (RF).

2. Materials and Methods

2.1. Polymer Optical Fiber Sensor. The construction of the
POFS smart carpet is performed on a single POF arranged
perpendicular to the walking direction between two 60 cm
× 2m polyethylene layers, as shown in Figure 1. The POF
was composed of PMMA having 980μm core diameter,
fluorinated polymer cladding (20μm), and polyethylene
covering, which provides 2.2mm overall diameter. A flexible
light-emitting diode (LED) lamp strip that is laterally placed
serves as the light source and the sensors’ reactions. The
FRMD-KL25Z microcontroller handles signal capture and
LED control. When contrasted to industrial devices often
utilized for gait assessment, this leads to a cheaper cost solu-
tion. It must also be mentioned that the planned POFS smart
carpet does have a modular design, which means that the
system may be built with varying numbers of LED elastic
light belts across the span total span.

To ensure the appropriate length and thickness of the POF
sensor, it is mounted on a permanent support. 20 sections are
created laterally on the fiber with 20 cm separation. Each lateral
part is outfitted with LED flexible light belts. When pressure is
imparted to each lateral part, an optical power change occurs,
which P1 and P2 detect. The optical power fluctuation of all
20 sensors was measured using two photo-detectors. Thus, P1
acquires the responses of 10 sensors (RP1), whereas P2 acquires
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Figure 1: Structure of FOPS smart carpet for gait analysis.
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the responses of the other 10 sensors (RP2). A microprocessor
regulates the activation rate and sequence of one LED belt at
a time. This is accomplished by activating two sensors (left
and right) at the same time. The acquisition pattern is obtained
from LEDs 1–10 with 30Hz activation rate. Furthermore, the
microcontroller is in charge of acquiring the optical signal
detected by individual photo-detectors. Figure 2(a) depicts the
setup for the characterization of force. The next approach is
the characterization of space that depends on the placement
of foot in specified distance markers. The purpose of this pro-
cedure is to link optical intensity with carpet distance. This
assessment is connected to the force description since the sen-
sor reaction with predetermined weights must be obtained pre-
cisely on the top of sensors. The setup for the characterization
of space is depicted in Figure 2(b).

Equation (1) is used to compute the association between
the attenuation of optical energy and the person’s distance
towards the POFS. F0 indicates the force deployed over the
POFS. Fn is the applied force alongside the fiber. n denotes
the separation between F1 and F0. l denotes the spacing
between LEDs.

n =
Fn ⋅ l
F0

: ð1Þ

Figure 3 depicts the reaction of detectors towards the
loads given POFSs in the force evaluation, including the
coefficient of determination (R2) and relative errors.
Markers stand for the observed response, and consistent
lines indicate the fitness of POFS. Figures 3(c) and 3(d) show
the behaviour of load administration and a saturating pro-
pensity for larger loads. Figures 3(a) and 3(b) depict the
responses of POFS. Since linearity and sensitivity are con-
nected to the manufacture of each sensor, sensitivity varies
for each light detector. Interestingly, the sensors 1 obtained
by each optical detector exhibit polynomial behaviour.

2.2. Feature Extraction. There are two categories of human
gait representation [15, 16]. The frequency model-based fea-
ture is not reliable. Therefore, another set of features such as
force and space-based features have been used [17]. All data
for experimental purpose are obtained from the POFS-based

carpet. Human gait signals may be extracted using filtering
and thresholding. In Wang et al. [18], extracting human gait
features from signal sequences has been done. As the fea-
tures of the gaits are not unique, normalization has to be
done to bring to the same value.

2.2.1. Gait Energy Signals. Gait energy signal (GES) gives the
spatiotemporal data of silhouette out of the whole cycle of
gait. By obtaining mean of the signals yields a signal repre-
senting energy. D(x, y) representing GES can be calculated
by using Equation (2). Here, N gives a count of gait cycle sig-
nals. x and y indicate the gait signal coordinates.

D x, yð Þ = 1
N
〠
N

t=1
Bt x, yð Þ: ð2Þ

Taking gait as the relevant characteristics [19], the gait
model (GM) presents the sensitive ageing-related parame-
ters, such as applied force and length of stride varies with
age. Length of stride and force [20–22] are useful parameters
for getting a useful gait-based age descriptor.

2.2.2. Dynamic Gait Energy Signal. Due to the slight move-
ments of legs and the pressure applied on the sensor, static
data from these get into GES. For reducing the impact of
this static information, the dynamic information is attained
with force, leg joint change and stride length represented
by Equation (3).

IGES x, yð Þ =
0 if IGES x, yð Þ > 220

1 if IGES x, yð Þ ≠ 0

(
: ð3Þ

Second step computes dynamic part of GES with
“AND” operator in individual signals of gait cycle
sequences after acquisition of the dynamic section of the
signal as indicated in Equation (4).

F ′ x, yð Þ = F x, yð Þ × IGES x, yð Þ: ð4Þ

2.2.3. Gait Energy Projection Model. Gait energy projec-
tion model (GPM) gives the important gender-associated
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Figure 2: Characterization setup: (a) characterization of force; (b) characterization of space.
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(a)

(b)

Figure 3: Continued.
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(c)

Figure 3: Continued.
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parameter like size of body and variation in the length of
stride as depicted in Figure 4.

GPM= GLPcycleU GTPcycle
È É

: ð5Þ

In GPM, the two projections are gait energy longitudinal
projection (GLP) and gait energy transverse projection
(GTP).

GLPcycle =
1
M

〠
M

i=1
GLPi, ð6Þ

GTPcycle =
1
M

〠
M

i=1
GTPi, ð7Þ

No of sets of signals=M; and i stands for the ith signal
vector.

2.2.4. Gradient Gait Energy Signal. Based on the averaging
concept, gradient gait energy signal (GGES) has more
mobile attributes than the straight forward gait signals.
Kernels are required to acquire the energy of signals. Ker-
nels create the gradient GGES pattern from energy signal
of gait.

3. Feature Selection Using Genetic Algorithm

Genetic algorithm (GA) offers optimization inspired by nat-
ural solution [23, 24]. The operations are iterative and pro-
vide chromosome as a symbols string. Initial population is

Gait Sequences

Concatenation

Proposed
Descriptor GPM

Transverse Projections
[Force, Stride, Pressure,

Angle]

Longitudinal Projections
[Stride Length, Body Size,

Cadence Speed]

Figure 4: GPM descriptor identification.

(d)

Figure 3: Force characterization response: (a) right POFS 1 and 2 with P1; (b) left POFS 1 and 3 with P2; (c) right POFS 3–10 with P1; (d)
left POFS 2 and 4–10 with P2.
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an arbitrarily created set of strips. Three basic operations of
genetic origin guide the search: selection, crossover, and
mutation. The aim of selecting feature subset is to utilize
lesser number of features, and the performance of SVM
and RF may be evaluated by a validation data set for guiding
the GA. Each feature subset possesses few features. By ran-
dom generation, initial population is selected.

3.1. Particle Swarm Signal Template Optimization. GA and
particle swarm optimization (PSO) are used to attain the
borders of GES and GGES contours. The optimization pro-
cess will be performed during the training and testing pro-
cess. The parameters in gait signals are split into categories
of weight (WH, WL, WR, WF) and stride (SH, SM, SF). It is
observed that the SH and SF are the only parameters depend
on covariate conditions and SM is independent. Swarm tech-
nique is applied in dividing the features of the signal by
closely looking towards the parameters. The use of particle
swarm signal template optimization (PSSTO) has more
impact on the performance of the technique. So, the param-
eters that are retrieved can be tuned by using another over-
laying optimizer. PSO includes necessary parameters such as
position (Xi

k) and velocity (Vi
k) as described in Equations (8)

and (9). For the ith particle at kth time, the minimum and
maximum ranges are coined by Xmin and Xmax, respectively.
The update in velocity at time k + 1 is computed using Equa-
tion (10).

Xi
k = Xmin + rand Xmax − Xminð Þ, ð8Þ

Vi
k =

Xmin + rand Xmax − Xminð Þ
Δt

, ð9Þ

Vi
k+1 =wVi

k + C1 rand
Pi − Xi

k

À Á
Δt

+ C2 rand
Pg
k − Xi

k

À Á
Δt

,

ð10Þ
where Pg

k indicates the overall best position and Pidenotes
the best position. C1 and C2 are the coefficients. The veloc-

ity used to revise the location of particle is computed using
Equation (11).

Xi
k+1 = Xi

k + Vi
k+1Δt: ð11Þ

Updating velocity and position, and fitness computa-
tion are major operations that are repeated until conver-
gence and are depicted in Figure 5.

4. Classification and Recognition

4.1. Training and Testing Phase. The total signals are clas-
sified into training and testing sets. In training phase,
database signals are selected and applied with GES/
GGES. The PSO template and GES/GGES features are
contrasted with test signals. Linear discriminant analysis
(LDA) is selected as classifier to recognize exact signal.
Obtained signal is provided to Principal Component
Analysis (PCA) for additional reduction in dimension.

4.2. Feature Reduction. For feature reduction, PCA and LDA
are the optimum transform schemes. PCA discards labels of
class and its target is to locate the orientation known as princi-
pal component, which maximizes the conflict. LDA computes
the orientation and linear discriminants for maximization of
separation. Combination of PCA and LDA is known to give
good results.

4.3. SVM Classification. SVM classifier with linear kernel
has been one of classifiers, which can categorize the fea-
ture vector with the help of a hyper plane [25]. The sep-
aration between the data is coined as decision hyper-
plane, and the separation from the hyper-plane is
termed margin. Optimum target of SVM training is to
obtain the hyper-plane having highest margin and to
provide accurate classification [26]. Usage of linear ker-
nel reduces the risk of over-fitting the data and
increases the efficiency of classification by reducing
the overall complexity.

4.4. RF Classifier. Random trees, then again, randomize the
choice criteria. A random choice basis is characterized by a
random characteristic and an irregular limit. Random trees,
in this way, separate the preparation information on totally
random characteristics [27]. This randomization primarily
addresses high dimensional information and speculation. A
random tree chooses an irregular element and a random
edge and partitions the preparation pictures at a hub as
depicted in Figure 6.

Recursively, an entire tree and thusly an accumula-
tion of trees are assembled, which comprise a random
timberland. The classification results from each tree
are gathered for an info picture and regularly, a basic
larger part casting a vote plot grants the subsequent
class mark. In the accompanying areas, we present the
utilization of RF on various related picture tasks. The
features extracted consist of feature vectors from the
trained data, and the trained data are given by Equation
(12). Here, Tn is the elements that are present in the
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Figure 5: Velocities and positions in PSO.
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data; each of the data has its own feature which is
termed cp.

D = Tncp ; n = 1,⋯N and p = 1,⋯ P: ð12Þ

The accuracy of classification increases due to the
presence of decision trees, which acts the nodes to

obtain the relevant data. The process flow of the pro-
posed POFS signal-based gait classification model is
provided in Figure 7.

5. Results and Discussion

The performance of SVM and RF using GA and PSO are
contrasted to find out the optimum technique that

Instance

Tree 2

Class Y

Final Class

Class ZClass X Majority Voting

Tree 3Tree 1

Figure 6: Random forest classifier model.

POFS
Signals

Signal Classes

Feature Extraction and
Optimization using Genetic and

PSO algorithm

GenderRecognition
of PersonAge

Feature reduction using PCA and
LDA

Classification using SVM
and Random Forest

Figure 7: Design flow of proposed classification model.
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provides better results. The classifiers are provided with
optimum features provided by GA and PSO algorithms.
Optimal features selected are given as the input to the
classifiers, and the results does not have the effect of
unwanted features.

5.1. Age Recognition. Let us consider age recognition using
GA and PSO optimization with various conditions. The
parameters like recall, precision, and correct classification
rate (CCR) are evaluated. Various descriptors such as step
length (SL), stride length (STL), cadence (CD), and stance
time (ST) are used for the recognition of age. For all the
parameters evaluated, SL produces maximum value. So, SL

can be selected as the optimum descriptor for the recogni-
tion of age. The results obtained for age recognition with
GA and SVM are depicted in Figure 8.

While considering recall (elder), STL produces maxi-
mum value of 93.9%. For all the remaining parameters,
descriptor SL produced maximum values. So, SL can be
selected as the optimum descriptor for the recognition of
age. The descriptor ST provides the lowest values for the
performance parameters. The results obtained for age recog-
nition with PSO and RF are depicted in Figure 9.

5.2. Gender Recognition. Let us consider gender recognition
using GA and PSO optimization with various conditions.
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Figure 8: Age recognition with GA and SVM.
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Figure 9: Age recognition with PSO and RF.
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Various descriptors such as GPM, GES, dynamic gait energy
signal (DGES), and GGES are used for the recognition of
gender. The parameters like recall, precision, and CCR are eval-
uated. During the recognition of gender using GES descriptor,
maximum values are obtained for all the parameters. Lowest
parameter values were obtained for the descriptor GPM. This
implicates that GES is the optimum descriptor for gender rec-
ognition using GA and SVM. The results obtained are shown
in Figure 10.

While performing gender recognition with PSO and
RF, the usage of GGES descriptor provides maximum
value 95.9% for the parameter precision (elder). Maxi-
mum values for all the remaining parameters are obtained
for the descriptor GES. Lowest parameter values were
obtained for the descriptor GPM. This implicates that
GES is the optimum descriptor for gender recognition
using PSO and RF. The results obtained are shown in
Figure 11.
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5.3. Classifier Performance. SVM and RF are the two classi-
fiers used for recognizing various gait-related human biomet-
rics. The performance of these two classifiers is compared to
find out the optimum classifier for gait classification from
the signals obtained from POFS. Initially, SVM is considered
with two optimization techniques such as GA and PSO. The
accuracy comparison is depicted in Figure 12.

PSO-SVM provides the maximum accuracy for different
gait-related analysis. So PSO is identified as the best optimizer
for the selection of descriptors. The maximum overall recog-
nition accuracy is found to be 87.16% for PSO-SVM. In the
next stage of experiment, RF is considered with two optimiza-
tion techniques such as GA and PSO. The accuracy compar-
ison for RF classifier is depicted in Figure 13. In this analysis,
PSO-RF provides the maximum accuracy for different gait-

related analysis. So PSO is identified as the best optimizer
for the selection of descriptors while using RF classifier.

From Figures 12 and 13, it is clear that the maximum
value for overall accuracy of 89.58% is provided by PSO-
RF classifier. This value is 2.42% more than that of PSO-
SVM classifier. So, the PSO-RF classifier can categorize sig-
nals obtained from POFS in an efficient way.

6. Conclusion

This study described the construction of a smart carpet that
measures GRF and STGP using a POFS. The suggested car-
pet contains two light detection units for acquiring signals.
Each unit is capable of obtaining response from 10 nearby
sensors. There are 20 intensity deviation sensors on a fiber.
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One LED is triggered successively using the multiplexing
approach that is being employed. Multiplexing is dependent
on coupling among the LED and POFS sections. Results of
walking experiments performed on the smart carpet sug-
gested that certain parameters, including SL, STL, CD, and
ST, might be used to estimate the GRF and STGP. The
results enable the detection of gait instances, including the
stance and swing phases, stance length, and the double sup-
porting periods. The suggested carpet is dependable, reason-
ably priced equipment for gait acquisition in a variety of
applications. An optimized GA-based approach for auto-
matic feature selection has been proposed. Using PCA and
LDA, irrelevant information has been reduced. SVM and
RF classifier have been used to categorize signals in terms
of person age and gender. This method could provide insight
into gait classification problems with an overall accuracy of
89.58%. The inclusion of polymer-based sensors (POFS)
provided high quality signals, and the analysis provided bet-
ter results. Major merits of using POFS are the improved sig-
nal quality and fast response.
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