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Abstract: A simple self-experiment allows for the measurement of individual pedestrian movements,
aiming to understand the deviations from intended directions seen in heterogeneous human crowds.
The method involves pedestrian self-observations using the GPS sensor of a smartphone, providing a
unique perspective on individual behavior within a crowd and offering a means to evaluate average
pedestrian speed. The study is focused on individual mobility in the context of a heterogeneous
crowd rather than the behavior of a crowd composed of similar types of people. With this study, an
important contribution to the understanding of interpersonal distances in heterogeneous crowds
is made.
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1. Introduction

Human mobility has been studied extensively to understand the statistics behind
trajectories ranging from a few to thousands of kilometers that occur over short periods of
time. D. Brockmann et al. [1] used circulation patterns of banknotes in the United States for
studying human travel. The trajectories of banknotes are reminiscent of Lévy flights. The
authors concluded that human travel on geographical scales is a superdiffusive process.
Marta C. Gonzalez et al. [2] studied the statistical characteristics of intra-urban mobility
by considering mobile phone users whose positions are tracked for a six-month period.
They measured the distances between the user’s positions during consecutive calls. The
distribution of displacements over all users is well approximated by a truncated power law.

An understanding of the basic laws governing human motion is yet to be developed.
All comprehensive analysis remains useful, but there is a need to develop tools for

monitoring the time-resolved locations of individuals. Pedestrian movement in a crowd
represents a complex system of intentional movements to avoid collisions in order to
reach a specific point. These movements include individual and inter-individual actions
according to the environment. Previous works have shown the statistical properties of
pedestrian dynamics [3,4]. Other experiments have been related to the simulation of micro
pedestrian behaviors in shopping streets [5] or pedestrian counterflow in a corridor [6].
Elsewhere, L. Alessandretti et al., tried to understand the differences in mobility behavior
across countries, gender groups, and urban-rural areas [7].

However, the deviations of individual movements from the desired directions in
human crowds are still poorly understood. Do individuals within human crowds con-
sistently demonstrate consciously random motions? Specifically, as pedestrians navigate
through a crowd, can their movements be interpreted through identifiable statistical prop-
erties? If such properties exist, do they impact functional aspects such as lane formation or
self-behavior?

Collecting the trajectories of pedestrians in crowds allows the detailed analysis of
individual movements [8]. The microscopic modeling of trajectories, in order to enable
further development in cities, needs an understanding of behaviors at the individual level.
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Another reason for the current study is to confirm the results already reported regard-
ing human mobility, albeit conducting experiments on a smaller scale in a confined space.
The results have revealed that the mobility patterns of participants in outdoor settings
(campuses, metropolitan areas, etc.) closely resemble those of Lévy walks in monkeys [9].
Flight distributions and pause-time distributions closely follow (truncated) power-law
distributions. However, in this study, for most of the time, the participants walk in different
locations over large surfaces and may also occasionally travel by bus, trolley, cars, or
subway trains.

In the present experiment, a simple self-experiment is presented to measure the path
of an individual pedestrian. The study has two distinct impacts. The first one is the pre-
sentation of individual human mobility and behavior, modeled as a Lévy flight, and the
second one is a method to measure the average speed of a pedestrian in a crowd. This
is an active experiment (involving walking as fast as possible through a saturated crowd
in an outdoor environment). Moreover, most previous studies used remote instruments,
for example, an optical tracking system [10] or thermal imaging [11]. A. Seyfried et al.,
argued that there are insufficient methods of data capture or inadequate resolution in the
measurement of time and space for assessing pedestrian dynamics in a crowd [12]. In
this study, the walker himself conducts the measurement with his smartphone, and the
pedestrian behavior is monitored by self-observation. This study is not about crowds and
the behavior of groups of pedestrians in a crowd but about the behavior of a pedestrian
who tries to walk as fast as possible in a crowd over a limited transverse distance. Previous
experimental measurements have involved adult participants (volunteers). Most have
strong physical similarities (they are adults, of average height, etc.). In this manuscript, the
originality comes from the number of participants (young adults, elderly adults, children,
individuals, groups, families, etc.) and their ethnic origins. To the best of our knowledge,
no study has been conducted on pedestrian analysis in the context of a fairground corri-
dor or, more generally, a gathering of people for a demonstration or festive event, with
inhomogeneous subjects and differences among participants. An interpersonal distance
between groups has been determined, and a general simple method is described herein
for measuring interpersonal distance in a heterogeneous crowd. In this work, a novel and
generic framework is introduced, allowing us to describe the dynamics of a pedestrian in a
simple, geometric local setting, significantly extending previous works on gatherings of
people at a local event.

2. Materials and Methods

The experiment took place in a funfair with dimensions of approximately 100 m × 400 m.
The funfair was divided into three corridors, each with a transverse size of 4.5 m ± 0.2 m.
Pedestrians walked in two directions within each corridor. The estimated number of people
passing in front of a stationary point in the middle of the corridor length was 70± 5 persons/min.
The experiment involved measuring the pedestrian’s path when moving through the crowd
in the corridor as quickly as possible (Figure 1) and avoiding interacting as much as possible
with other pedestrians. The path was recorded using a smartphone held by a pedestrian during
his route. The smartphone captured GPS data that could be stored and analyzed later. Several
paths were recorded at different times of the day. The GPS measurements began after several
seconds in order to acquire the maximum number of GPS satellites (≈30). The GPS data were
stored as longitude and latitude data. The GPS latitude-longitude coordinates or geographic
coordinates (WGS84: World Geodetic System) were then transformed into UTM (Universal
Transverse Mercator) X and Y coordinates, recorded in meters [13]. WGS84 is an Earth-centered,
Earth-fixed terrestrial reference system and geodetic datum. The typical absolute accuracy of
GPS positioning is between 4 and 7 m. In this experiment, the resolution depended on the
sampling measurements and the difference between two GPS positions, which led to a relatively
higher resolution for the walking path. The measurement of relative positions was evaluated by
measuring the width of the corridor, which was a known distance that was measured precisely.
The measurement had an uncertainty of ±20 cm.



Appl. Sci. 2024, 14, 7585 3 of 12

Appl. Sci. 2024, 14, x FOR PEER REVIEW  3  of  12 
 

measurements and the difference between two GPS positions, which  led to a relatively 

higher resolution for the walking path. The measurement of relative positions was evalu-

ated by measuring the width of the corridor, which was a known distance that was meas-

ured precisely. The measurement had an uncertainty of ± 20 cm. 

 
(a)  (b) 

Figure 1. (a) Image of the experiment conducted along a lane in the funfair. (b) Representation of 

the lane inside the funfair. The pedestrian with his smartphone travels inside the crowded lane with 

a width of D, walking as fast as possible. 

The drift observed during measurements with the GPS sensor cams from the absolute 

Earth position coordinates acquired during the experiment. The observer’s path was con-

fined within a corridor, but the corridor direction was oriented at an angle of around 10° 

to the true north. The drift was suppressed in the calculations and the observer’s relative 

path with respect to the corridor direction was calculated. The measurements were rela-

tive, without the aim of precisely determining the position but rather of estimating trajec-

tories by measuring the distance between two GPS acquisitions. The maximum sampling 

rate for GPS achievable on the Android smartphone is 1Hz. Considering the funfair envi-

ronment, pedestrians in the corridor had an average walking speed of less than 1.2 m/s. 

The average number of people was estimated to be 1.3 ± 0.2 persons/m2. This value was 

an average value taken at different places in the funfair. The acquisitions were conducted 

in different corridors of the funfair and  in two different directions (forward and back). 

Measurements were taken in a relatively short time, limiting any offsets. The atmosphere 

or canopy was a source of noise because of its radiation absorption. The experiments were 

conducted far from any important electromagnetic radiation sources in an open-air area. 

The experiments were repeated several times (moving forward and back in the corridor) 

over two days at the end of the week. 

3. Results and Data Analysis 

Due to the influence of the subjective intentions of pedestrians, the interactions be-

tween the pedestrian under test and others, as well as between the pedestrians and the 

environment,  suggest  a  complex mobility  pattern  for  the  optimum  path  through  the 

crowd. People were not only walking in forward and backward directions but also stand-

ing still in the corridor to observe the playgrounds. Walkers could also randomly cross the 

corridor transversally when attracted by another activity. 

Figure 1. (a) Image of the experiment conducted along a lane in the funfair. (b) Representation of the
lane inside the funfair. The pedestrian with his smartphone travels inside the crowded lane with a
width of D, walking as fast as possible.

The drift observed during measurements with the GPS sensor cams from the absolute
Earth position coordinates acquired during the experiment. The observer’s path was
confined within a corridor, but the corridor direction was oriented at an angle of around 10◦

to the true north. The drift was suppressed in the calculations and the observer’s relative
path with respect to the corridor direction was calculated. The measurements were relative,
without the aim of precisely determining the position but rather of estimating trajectories
by measuring the distance between two GPS acquisitions. The maximum sampling rate for
GPS achievable on the Android smartphone is 1 Hz. Considering the funfair environment,
pedestrians in the corridor had an average walking speed of less than 1.2 m/s. The average
number of people was estimated to be 1.3 ± 0.2 persons/m2. This value was an average
value taken at different places in the funfair. The acquisitions were conducted in different
corridors of the funfair and in two different directions (forward and back). Measurements
were taken in a relatively short time, limiting any offsets. The atmosphere or canopy was a
source of noise because of its radiation absorption. The experiments were conducted far
from any important electromagnetic radiation sources in an open-air area. The experiments
were repeated several times (moving forward and back in the corridor) over two days at
the end of the week.

3. Results and Data Analysis

Due to the influence of the subjective intentions of pedestrians, the interactions be-
tween the pedestrian under test and others, as well as between the pedestrians and the
environment, suggest a complex mobility pattern for the optimum path through the crowd.
People were not only walking in forward and backward directions but also standing still in
the corridor to observe the playgrounds. Walkers could also randomly cross the corridor
transversally when attracted by another activity.

The measured GPS trajectories are illustrated in Figure 2. The pedestrian being tested,
who is equipped with a smartphone, anticipates the movements of his neighbors in the
opposite or lateral direction by adjusting his trajectory. The trajectory is irregular, with
sudden jumps. The tested pedestrian also has to adjust his trajectory based on the number of
walkers in front of him to allow him to move as fast as possible. In the corridor, individuals
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or groups of 2 or 3 walkers may find themselves facing each other, walking in the same or
the opposite direction. In such cases, the movement of the tested walker leads to angles
close to 90◦ in order to continue on a trajectory that is parallel to the group of walkers. The
paths of walkers crossing the corridor transversally also result in angles greater than 90◦

to avoid potential collisions with others. The size of the corridor confines the walker and
prevents large movements in the y-direction but, at the same time, gives enough degrees of
freedom. The trajectories mostly fluctuate in the perpendicular direction of the flow.
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Figure 2. Typical 2D trajectories along the path acquired by the walker with the GPS sensor of his
smartphone differentiated by different colors. The drift of the trajectory is due to the corridor’s
orientation in relation to the cardinal axes.

To understand the changes in the direction of the tested pedestrian, the distribution
of turning angles between successive steps is depicted in Figure 3. It represents the net
angular change in orientation between two consecutive directions along the pedestrian
path. The angles are calculated with θ = atan(∆y/∆x). The histogram of the angles can be
fitted with a Gaussian distribution (Figure 3a).

The pedestrian under test in the corridor does not exhibit evidence of pre-wired prefer-
ential angles. While there is a directional trend of moving forward, the resulting probability
distribution forms a uniform bell-shaped curve centered at 19.8◦, with a standard deviation
of ± 57.8◦. The absence of preferential angles is identified by the persistence of forward
movement. All measured trajectory speeds follow a Gaussian distribution, with a peak at
0.8 m/s (Figure 3b).

The pedestrian’s movements are influenced not only by the current positions of his
neighbors but also by the anticipation of future positions. Pedestrians in a crowded envi-
ronment are constrained by their neighbors to choose a direction; they actively seek a clear
passage through the crowd, adhering to a form of politeness or respect, and anticipate the
movements of their neighbors in the opposite direction. Thus, the trajectories of individual
pedestrians in oppositely moving flows will dynamically evolve into unidirectional lanes
and limit the deviations from their desired direction (i.e., taking a direct path to their
destination). In this study, the lane formation is limited due to attractiveness on both sides
of the corridor, giving a clear, random characteristic of the crowd.
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Figure 3. (a) Turning angle distribution θ during pedestrian walks along the lane; (b) speed distribu-
tion during the pedestrian walk; (c) comparison of speeds and turning angles vs. time. The speed
and angle variations are converted into on/off values (black and green lines respectfully); (d) model
of the social force acting on the pedestrian during the test.

This result also confirms the randomness of the distance covered between each evasive
movement of a walker in the lane. The average value of the velocity distribution is 0.8 m/s,
with a standard deviation of 0.4 m/s (Figure 3b). It can be observed that the range of speeds
extends from a very low velocity of 0.1 m/s to a high velocity (1.6 m/s). The spread of
speed values results from the inhomogeneity of pedestrian movements and the diversity of
ages and cultures of the people within the crowd (popular event).

The low value of cross-correlation between angles and speed that was inserted in the
speed measurement (Figure 3b) confirms the independence between the speed and angles
of deviation of the pedestrian under test.

The pedestrian under test chooses to walk along a trajectory deviated by an angle
of θ, rather than waiting, either motionless or moving slowly, for the flow of people to
pass around him. When the angle is chosen heuristically, as seen in Figure 3c, the speed
increases to a maximum. A delay is observed between the choice of angle and the rapid
increase in speed. This speed decreases when a new angle is selected. Surprisingly, the
maximum speed along the trajectory is almost periodic. To determine the relationship
between speed and the choice of an angle of deviation, the maximum angle and speed
values are thresholded and reduced to binary values. Speed and angle peaks as a function
of time are then determined as a binary variation over time. The ∆t values between each of
the speed peaks are determined and averaged over the number of trajectories measured. In
total, 12 trajectory values are considered. From the mean value of the times (⟨∆t⟩) between
each speed peak and a calculated average speed (⟨V⟩) of 0.74 m/s (Figure 3c), we can
estimate the space between each group of people. This space is called ‘interpersonal group
distance’ (IGD) (Figure 3d). We find, using the following calculation [14,15], that:

⟨∆t⟩.⟨V⟩ = 1.67 m ± 0.85 m (1)
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IGD = 1.67 m is the interpersonal distance (ID) in the range [0.85 m, 2.52 m], which
is in agreement with the values of ‘proxemics theory for social’ purposes [16]. The value
must be differentiated from the values of distance within a group itself. The interpersonal
distance inside groups with heterogeneity varies from 0.61 m to 0.32 m if it involves a group
of two males or an adult and a child [16].

A method for achieving the 3D tracking of nanoparticle motions in a microfluidic
channel was developed by Larissa Kohler et al. [17]. The diffusivity and nanoparticle size
from a 3D track were established by calculating the mean squared displacement (MSD)
value. Stochastic motions highlight the significance of statistical distributions in dynamic
systems. Brownian motion has been utilized to model diverse phenomena, such as price
fluctuations [18].

Theoretically, the motion in the x and y directions follows a random path, resulting in
a two-dimensional mean displacement 〈∆r〉 of zero; the mean squared displacement 〈∆r2〉
is given by:

〈∆r2〉 = 〈∆x2〉 + 〈∆y2〉 = 4Dt (2)

Here, 〈∆x2〉 and 〈∆y2〉 are the one-dimensional MSD, D is the diffusion coefficient,
and t is the time between data points.

However, Brownian motion can be viewed as a special member of the class of Lévy-
flight random walks [19]. A flight is defined as the longest straight-line path of a particle
from one point to another without a directional change or pause. Lévy flights describe a
class of random walks where the step lengths follow a power-law tailed distribution [20].
In a Lévy flight, the probability P(d) that the walker performs a jump of length d is given by:

P(d) ∝ d−γ (3)

where 1 < γ< 3. Lévy flights have been proven to be the best strategy that can be adopted in
random searches or for animal foraging [21]. Lévy flights have been observed in the movement
patterns of various species, ranging from albatrosses [22] to marine predators, and from spider
monkeys [9] to mussels [23]. Lévy flights display various facets of human dynamics and
behavior [24]. Lévy flights have also been observed in pedestrian interactions [25]. I. Rhee
et al., explored human walking patterns in five outdoor sites and evaluated the performance
of mobile networks [26]. They found that human walks in outdoor settings of less than
10 km contain statistically similar features to Lévy walks. C. Feliciani et al. [27] studied
pedestrians walking in opposite directions in a mock corridor, obtaining tracking data from
video recordings using statistical and fluid-dynamic methods. They also observed Lévy flights.
Experiments conducted with pedestrians outdoors or in bottlenecks revealed a power–law
relationship underlying pedestrian interactions [28]. Other experiments found that aggregated
displacements for students, employees, retirees, and unemployed people all follow a power
law with an exponential cut-off. The results were explained by the mixed nature of human
travel under the principle of maximum entropy [29].

With the goal of having details about trajectories and velocities, the most common
method for identifying diffusion types is based on mean squared displacement (MSD) [30].
This calculation evaluates the deviation of an individual’s position with respect to their ini-
tial position after a time lag. Motion types can be identified based on the diffusion exponent.
MSD has been widely applied for various trajectory analysis studies in physics [31].

In order to study the free-scale patterns of the pedestrian under test, a first calcula-
tion as a function of time is performed. The trajectories are then decomposed into the
x-component and y-component, with x along the corridor length and y being perpendicular
to the corridor length. The mean-squared displacement yield of the walking of the solitary
pedestrian who is confined in the corridor is:

⟨∆r2(t)⟩ = ∑Ni
i=1 J(x(ti + t)− x(ti))

2 + (y(ti + t)− y(ti))
2 K

Ni
(4)
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where time ti refers to the time for the ith position in the GPS-acquired trajectory and Ni is
the number of GPS positions used to calculate the average value.

The average distance is represented as a function of time for the 2D movements
recorded during the measured trajectory. The MSD square for a trajectory is then acquired
with the smartphone GPS and is depicted in Figure 4. A fit with a power law allows us to
consider that the mean-squared displacements along the trajectory during the time of the
experiment follow a linear trend in the log-log plot. The mean square displacement can be
described using the following power law: ∆r2(t) ∝ Dtα. When α = 1, the process is called
Brownian or normal diffusion. When α > 1, the process is referred to as a super-diffusion
process. The diffusion exponent obtained in Figure 4 is 1.49 faster than in the case of a
Brownian process, indicating that the pedestrian under test has followed a super-diffusive
dynamic along the trajectory. This value is within the range of all the values calculated for
the different trajectories. An average value of 1.76 for all the calculated coefficients α is
found in the range of [αmin = 1.14, αmax = 2.2].
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A second calculation is made as a function of the different jump distances. The
step-length distributions (i.e., the flight-segment length observed in Figure 2) are fitted to
truncated power laws (as expected for Lévy flights), and exponentially truncated power
laws with the following equations:

P1(ℓ) = N1ℓ
−µ1 ℓ1 < ℓ < ℓ2 (5)

P2(ℓ) = N2ℓ
−µ2exp(−λ1ℓ) (6)

where N1 and N2 are normalization factors that ensure that the distributions sum correctly
to unity when integrated over all time intervals between the lower and upper cut-offs, ℓ1
and ℓ2; µ1 and µ2 are the power-law exponent, and λ1 is the exponential decay rate [32].
The results are depicted in Figure 5, along with the best-fitting truncated power law and
exponential models. For the truncated power law, we chose exponential decay for the
longest flights, as reported by Edwards et al. [33]. In this way, our truncated power law
model captures the transition from a super-diffusive to a diffusive process. We fitted the
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models using a maximum likelihood method [34], which has been considered the most
accurate method for fitting the power law models, as used by E. P. White et al. [35].
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The results were analyzed and plotted with the MATLAB software R2023a. We found
the values of 28.3 for N1 and 853 for N2, 2.2 and 2.19 for µ1 and µ2, respectively, and 2.87 for
λ1. The lower and upper cut-offs, ℓ1 and ℓ2, are 1.42 m and 2.7 m, respectively. Maximum
likelihood estimation (MLE) was used for estimating the parameters. MLE determines the
parameter values that maximize the likelihood of the model (in the model, this is a power
law with an unknown exponent), given the measured data [36].

The upper cut-offs were taken to be the lengths of the longest recorded flight segments.
The distribution is truncated at the length of the longest step in the pedestrian path. The
cumulative flight distribution corresponding to the truncated power law is curvilinear
when plotted on log-log scales.

The exponent µ falls within the interval 1 < µ < 3, implying that when the pedestrians
walked toward a crowd approaching from the opposite direction, their search patterns
followed a Lévy walk in a direction perpendicular to the flow.

The results were in agreement with previous studies conducted in special environ-
ments, for example, in three rural groups searching for and collecting firewood in the
forest or in human hunter-gatherer groups where Lévy walk movement patterns are ob-
served [37,38], and also in different corridor widths [39].

4. Discussion

In most studies of pedestrian behavior and interaction, the individuals considered
are typically adults of roughly similar sizes [40]. However, in the experiment under
consideration, participants attending the funfair exhibit a diversity of sizes, sexes, and
ages [41]. Furthermore, participants gather in families or groups, forming distinct spatial
patterns in terms of crowd dynamics. Family groups or groups of teenagers differ in their
space occupation and movement features, resulting in clusters of people in the corridor
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and emphasizing the inhomogeneity of pedestrian traffic [42]. The crowd dynamics in this
study are more complex than in previous experiments involving participants who were
selected for laboratory-based experimental works.

On average, groups with two or three members are common in the lane, with more
complex social groups (family members with/no cultural difference) exhibiting stability
and teenager groups showing fluctuating numbers. It is assumed that family members
constitute the basic units (cellular groups) of complex social groups.

Notably, there is no correlation between the speed and angles of deviation during
the trajectory of the pedestrian under test. While an intuitive expectation might be that a
pedestrian moving in a straight line (with a deviation angle of close to zero) would have
an accelerated speed, the weak correlation observed during the trajectory emphasizes the
randomness of the path. This lack of correlation is attributed to the short distance over
which the pedestrian under test can acquire a faster speed. A straight trajectory does not
necessarily indicate a faster walking speed.

In the fairground corridor, crowds create little or no traffic flow on either side, and traf-
fic flows randomly. Generally, people pass each other on their right-hand side. Attractions
on either side force people to move to the right or left, and their path then continues on the
same side as that occupied by the completed activity, moving forward to go and see another
attraction. As mentioned by A. Fujita et al., the existence of a lane is stochastic [43] and this
result is observed in the experiments. This observation explains the absence of continuous
lane formation in the context of the experiment. The spontaneous lane formation that
typically occurs in bidirectional flow does not occur in heterogeneous-speed flow in the
fairground. Cultural differences also play a role in the measured results, as demonstrated
by U. Chattaraj et al. [44]. People with cultural differences could be less sensitive to an
increase in density, and the amount of minimum personal space is perceived differently.

Y. Zhao et al., demonstrated that the social repulsive force observed between individual
pedestrians tends to increase along with the moving speed of the pedestrians and is much
stronger in a face-to-face orientation compared to that in a face-to-back orientation [45].
They also observed that the repulsive force is related to the minimum lateral body width
when pedestrians try to decrease their body size in a lateral direction. To reach this
goal, pedestrians perform a twisting motion to avoid potential collisions in high-density
crowds. This twisting motion, as already observed, explains the small angles plotted in
the histogram of Figure 2. A comparison of the histogram of deviation angles and speeds
(Figure 2) over the range of possible values shows that path adjustment is preferred to
speed change, as shown by M. Huber et al. [46]. Moreover, the pedestrian’s goal in the
experiment was to walk as fast as possible along the corridor.

The resulting observations of Lévy flight from the experiment are comparable to
the results of Murakami et al. [47] with a close exponent in the power-law function. In
an experiment concerning lane formation, the authors used laboratory experiments to
observe how flows of oppositely moving pedestrians spontaneously separated into several
unidirectional lanes. Pedestrians deviated from the desired direction by a Lévy walk
process before lane formation.

5. Conclusions

A smartphone was utilized to measure the trajectory of a pedestrian in a fairground
corridor, enabling the acquisition of GPS data along their path. Multiple trajectories were
measured with GPS data.

Based on the recorded data, it appears that:

(i) Mean square displacement (MSD) as a function of time, calculated and plotted on a
log-log scale, demonstrates a linear curve that could be fitted with a power law.

(ii) The best-fitted coefficient, greater than 1, indicates that the trajectory is the result of
Lévy flight behavior. The MSD histogram is best fitted with a power law featuring an
exponential cut-off and another power law.
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Under the bidirectional parameters of our experiment, pedestrians diffused along the x
and y axes with an exponent greater than 1. Consequently, pedestrians walking in opposite
or transversal directions (at a low level) relative to the pedestrian under test primarily
created a super-diffusive effect in a direction perpendicular to the flow (∆y). Furthermore,
the step-length distribution in the lateral direction followed a power law, signifying that
pedestrians can deviate from their desired direction with a Lévy walk process.

The strategy observed in the pedestrian under test is also observed in a wide variety
of organisms and animals. This movement pattern is often attributed to the success of
random searches, particularly in uncertain or dynamic environments [48].

The pedestrian behavior measured during this experiment with a heterogeneous
crowd appears to be explained by the same reasoning [49].

This study can be generalized to cases such as the movement of a walker who needs
to find a friend in a crowd, the movement of a lost walker in search of a companion, or a
child looking for family members. Finally, some works relate to crowd evacuation when
considering rescue behavior or crowd evacuation behavior under terrorist attacks [50],
but the present study can be used to model an attacker or a person fleeing in a crowd for
different reasons.

Moreover, if we consider the trajectory of an autonomous vehicle that moves by
probing the space in front of it with ultrasonic proximity sensors or LiDAR, the vehicle’s
trajectory could follow the same behavior as that displayed by a pedestrian in a crowd. The
study of a pedestrian in a crowd of heterogeneous people enables us to define a behavioral
model that can be transposed to an autonomous vehicle, in order to anticipate its trajectory
in a complex environment. Another important point is the use of search algorithms based
on Lévy flight to guide autonomous vehicles like surface or underwater vehicles toward
their goals [51].
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