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Abstract
Robot integration in daily life demands research on both safety and social acceptance. Current methods focus on safety, but
social factors are understudied. Moreover, existing studies lack deep analysis of human perception towards robot movement.
Here, we present a novel navigation approach based on the combination ofGameTheory and the Social ForceModel (GTSFM)
to bridge these gaps. Wemodel navigation as a non-cooperative game to consider both pedestrians and robot as rational agents
influencing each other’s choices. We evaluate the social acceptability of the GTSFM algorithm from both quantitative and
qualitative perspectives. In both evaluations, the GTSFM is compared against two state-of-the-art algorithms: the social force
model (SFM) and the optimal reciprocal collision avoidance (ORCA). According to the quantitative analysis performed
in simulation, the GTSFM outperforms the SFM in all considered performance metrics and ensures higher performance
than ORCA considering the smoothness of the trajectories and the proximity to pedestrians. The qualitative measurement is
performed through a real-world experiment using a questionnaire administered to a pool of 76 participants. Our qualitative
analysis revealed no statistically significant differences in performance between the algorithms tested. This lack of distinction
may be due to unaccounted factors. The robot’s appearance and the limited velocity of the real robot could have obscured the
distinction between the algorithms. These results represent a significant milestone in advancing the integration of robots into
social environments also leave important hints for future research.

Keywords Game theory · Social force model · Socially-acceptable motion planning · Interaction awareness · HRI ·
Socially-aware navigation

1 Introduction

The boundaries between humans and robots are becom-
ing increasingly blurred. Robots are no longer confined
to isolated laboratories and industries but are entering
shared spaces, navigating alongside humans in museums [1],
homes [2], hospitals [3], streets [4], and offices [5], to name
a few.

This growing coexistence presents a challenge: to inte-
grate perfectly, robots should navigate collaboratively with
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humans, prioritizing not only physical safety but also ensur-
ing a high level of social acceptability [6].

Although traditional navigation algorithms excel at plan-
ning efficient paths and avoiding obstacles [7], they fail
to take into account the social acceptability issue. This is
primarily due to the oversimplification of human behavior,
which often models humans as inanimate dynamic obstacles
rather than social entities engaging in complex and strategic
interactions [8]. This oversimplification of human behavior
can have critical consequences, leading to situations such as
the well-documented "freezing robot problem" [9].

This is where socially-aware navigation emerges as a core
approach. Socially-aware navigation gives robots the ability
to shift from simple obstacle-avoiding entities to socially-
aware participants.

Through sensor fusion and accurate human-motion pre-
dictions, robots can: (i) perceive the social environment
through sensors; (ii) understand and adhere to social norms;
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(iii) make decisions that are not only collision-free but also
socially appropriate, considering factors such as cultural
norms, and anticipated human behavior; (iv) plan and exe-
cute their movements in a way that is smooth, predictable,
and respectful of human space and expectations.

Toward improving trust, comfort, and social acceptance,
humans should be explicitly considered by robots as intel-
ligent agents who interact and may influence the motion
of others [10]. Recent efforts in socially-aware navigation
model humans as static entities [11] or as agents driven by
very simplistic motion models [12]. Such simplistic assump-
tionsmayhardly copewith the complexity of humanbehavior
and interaction, yielding trajectories that are far from pre-
dictable, smooth, and in turn acceptable for humans. Models
based on learning theory, on the other hand, promise better
results [13] provided that a large training data set involving
human subjects is available, which is not always the case.

Game theory is a powerful and flexible mathematical
paradigm to study strategic interactions between different
components of a system (in our scenario, moving pedestri-
ans) [14]. Because of suchflexibility, game theory has rapidly
increased in popularity over the past decades and has found
application in interdisciplinary studies in multi-agent inter-

actions in many fields, including distributed control [15],
epidemiology [16], building evacuation [17, 18], human-
unmanned vehicle interaction [19], and multiple robot coor-
dination [20–22].

Game theory offers substantial benefits compared to alter-
native modeling methods, such as reactive strategies [23–25]
and learning schemes [26–29]. With respect to the former,
game theory is able to perform motion prediction and antic-
ipation of the behavior of other humans, typical of human
decision-making in social contexts [30]. Compared to the
latter, it overcomes their distinctive lack of explainability,
generalization, and the need for large training data sets.

Despite the well-known ability of game theory to model
different aspects of human behavior, only a few efforts have
attempted to incorporate it into a mobile robot motion. This
limited literature could be attributed to the inherent non-
negligible computational complexity of game theory.

Nevertheless, future advancements in the computational
power of microcontrollers are expected to make it feasible to
implement complex algorithms on modestly sized mobile
robots, thus opening the way to the exploration of more
demanding game-theory-based approaches.

Fig. 1 Conceptual framework
of GTSFM with real-time
parameters estimation
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In this study, we design a robotic trajectory planner for a
populated environment that combines game theory [14] and
the Social Force Model (SFM) [23], henceforth we refer to
it as GTSFM. Game theory is used to choose between four
different possible trajectories generated by the SFM. Based
on preliminary tests carried out in Gazebo and on the analy-
sis of computational complexity, which grows exponentially
as n

np
c with the number of pedestrians n p and the number of

choices available to each pedestrian nc, we decided, without
loss of generality, to limit the number of choices per player to
four. This configuration provided a suitable balance between
computational efficiency, the ability to incorporate human
anticipation into the algorithm, and sufficient diversity in
pedestrian behaviors.

To generate pedestrian trajectories, we computed differ-
ent sets of SFM parameters through a Differential Evolution
algorithm (DE) [31]. The latter relied on real human motion
data as the ground truth, guiding the optimization process
towards trajectories exhibiting high levels of naturalness and
human-likeness. Although the DE algorithm offers power-
ful parameter estimation capabilities, its high computational
demand limits its application in real-time scenarios. This
study addresses this limitation by proposing a neural network
to mimic the DE algorithm, allowing real-time parameter
estimation. The general structure of our GTSFM algorithm
is illustrated in Fig. 1.

In this study, we leverage the concept of anthropomor-
phism, i.e. the innate human inclination to attribute intentions
and consciousness to entities that are non-human [32]. This
attribution can be leveraged strategically during trajectory
design. This approach has been shown to improve the accept-
ability of robots by humans [33]. Thus, by incorporating
aspects of humanmovement into robotic trajectories, through
the tuning of the SFM parameters with real human trajecto-
ries, we aim to improve the perceived acceptance of the robot
by humans.

Following the formalization of the GTSFM algorithm, a
two-fold validation is conducted: (i) a quantitative evalua-
tion of GTSFM is performed in simulated scenarios (Fig. 2)
to assess its efficiency, smoothness, and perceived comfort.
GTSFM is compared against two state-of-the-art algorithms:

SFM [23] and Optimal Reciprocal Collision Avoidance
(ORCA) [34]; (ii) a qualitative evaluation of GTSFM is con-
ducted through a real-world experiment using a real robot,
to measure the anthropomorphism of the GTSFM compared
to SFM and ORCA (Fig. 3).

Our quantitative evaluation demonstrates that GTSFM
generates significantly smoother paths than SFMandORCA,
potentially resulting in more natural robot motion. Addition-
ally, GTSFM outperforms the standard SFM model across
all performancemetrics, indicating improved navigation effi-
ciency and trajectory quality.

While our qualitative analysis did not reveal a clear supe-
riority of one algorithm over the others, this could be due
to unaccounted factors. The robot’s appearance and limited
velocity may have constrained the range of tested conditions,
obscuring potential differences between the algorithms.

2 RelatedWorks

As outlined in [35], existing socially-aware navigation approa-
ches can be categorized into model-based and learning-
based methods.

Model-based algorithms rely on human-motion mathe-
matical models, like geometric rules or physics equations, to
enable the navigation robot process.On the other hand, learn-
ing algorithms learn from real human motion data, allowing
them to better mimic human behavior in navigation.

Many state-of-the-art approaches to socially-aware navi-
gation rely on model-based methods, such as the SFM [23].
SFM uses attractive and repulsive forces to simulate human-
like movement based on the laws of Newtonian mechanics.
Motivated by the potential of the model for broader applica-
bility, subsequent research has extended the capabilities of
the SFMby incorporating additional forces [36, 37]. Another
notable model-based algorithm is the Velocity Obstacle
(VO), introduced by Fiorini and Shiller in 1998 [38]. The
VO generates avoidance maneuvers by determining a per-
missible velocity for the robot outside the collision cone.
However, VO does not consider reciprocal mutual avoidance
typical of human behavior during navigation. To address this

Fig. 2 Simulated scenario for
quantitative evaluation
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Fig. 3 Real-world experiment
for qualitative evaluation with
two humans and the robot

limitation, Berg et al. [39] proposed the Reciprocal Velocity
Obstacle (RVO). While RVO improves collision avoidance,
it lacks a definitive guarantee for all scenarios (such as when
both agents choose the speed inside each other’s RVO). To
overcome this problem, RVOwas further refined in [34] with
ORCA.

While the algorithms presented above adopt a reactive
approach, focusing on immediate obstacle avoidance, certain
model-based methods go beyond this limitation by incorpo-
rating predictions of pedestrian behavior within a specified
time horizon. An example of such approaches is the game
theory method to design motion planning for a mobile robot.

While game theory is adept at modeling human behav-
ior, its application to mobile robot motion remains limited.
In this context, Turnwald et al. [30] modelled human navi-
gation as a non-cooperative game. The core contribution of
their work lies in real-world experiments on how pedestrians
choose trajectories based on achieving a Nash equilibrium.
The same author in [10], investigates how the game-theoretic
human model can be further adapted for designing a human-
like motion planning. Building upon analogous theoretical
foundations, Galati et al. [40] propose a game-theoretical
social-aware navigation algorithm including group recogni-
tion, sequential decision making and human-obstacle inter-
action.

While themodel-based approaches have impressive advan-
tages like rapid implementation without a training process
with data and generalizability to a more complex envi-
ronment, they face certain limitations. Firstly, the lack of
human-like behavior training with real data might lead to
unnatural navigation patterns, potentially causing confusion
or discomfort for humans in shared spaces. Secondly, fine-
tuning the model’s parameters for optimal performance can
be a complex and time-consuming task.

On the other hand, the continuous advancements in
deep learning technology and the integration of deep neu-
ral networks are contributing to the growing popularity

of learning-based approaches for robotic navigation. The
learning-based approaches can be divided into three classes
according to their different working principles: (i) supervised
learning leverages real-world pedestrian trajectory data to
train networks that capture and reproduce the social inter-
actions observed in human navigation [41, 42]; (ii) deep
reinforcement learning mimics the way animals and humans
learn, adapting their behavior based on rewards. An exam-
ple of this method is adopted in [13, 43, 44]; (iii) inverse
reinforcement learning: offers a solution by learning from
expert demonstrations to automatically deduce the reward
structure [45–47].

Unlikemodel-based approaches, learning-basedmethods
leverage real-world trajectory data to achieve behavior closer
to human navigation. However, this advantage comes at the
cost of extensive data requirements for training and limited
generalizability beyond the specific training scenarios.

Moreover, the limited interpretability of the output of these
methods presents a significant challenge, creating difficulties
in comprehending the underlying causes of specific behav-
iors. Consequently, debugging and diagnosing issues become
more complex, therebyposing amajor drawback compared to
model-based methods. In addition, limited interpretability of
the outputs in some cases may lead to unexpected and poten-
tially dangerous behaviors in human-shared environments.
Careful design of recovery and emergency mechanisms is
crucial to ensure the robot’s movements remain safe and
socially acceptable under all circumstances.

3 Our Contributions

This study proposes a novel trajectory planning approach by
combining the SFM with the game theory logic (GTSFM).
This combined approach offers significant advantages over
existing methods within the model-based and learning-based
categories.
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With respect to the former, our model extends the cur-
rent state of the art in many directions. First, our model
keeps the computational efficiency of the SFM, while using
it to estimate multiple trajectories over a fixed-time horizon
for each pedestrian. Second, we incorporate game theory
into our approach to determine the optimal trajectory for
each individual, taking into account the mutual influences
between humans. Third, while similar approaches have been
investigated in different contexts, such as in a road-shared
space with pedestrians and cars [48], the integration of the
SFM and game theory for socially-aware navigation appears
to be novel. Fourth, unlike prior works that focus just on
binary interactions [49, 50], in our model, each player inter-
acts by playing a game with all other players present in
the scene. Furthermore, in contrast to [10], in our model,
the decision-making process is calculated at every time step
rather than just once, mimicking the sequential nature of
human decision-making processes. Finally, our approach
can generate human-like trajectories by using a Differen-
tial Evolution algorithm, which tries to estimate the best
SFM’s parameters that approximate real human trajectories
as closely as possible.

On the other hand, our proposed approach offers several
advantages over learning-based methods. First, it does not
require training on a specific scenario. This makes it more
generalizable to unforeseen situations, which is crucial for
real-world applications. Second, our model provides more
interpretable results. This is because it is based on a physics-

based model of the human motion (SFM), rather than a
black-box learning model. This interpretability is essential
for understanding the reasons behind the robot’s decisions
and for limiting potentially unsafe behaviors.

Since the GTSFM algorithm is built on the SFM, the
GTSFM inherits both its strengths and limitations. SFM
excels at describing the dynamics of pedestrian movement,
but its performance is highly sensitive to the values of its
parameters. Slight changes in these parameters can signif-
icantly affect the model output, as illustrated in Fig. 4.
In addition, the SFM parameters may vary in different
navigation scenarios, requiring time-consuming calibration
processes.

Moreover, due to calibration challenges, the model often
requires a single set of parameters for all agents, which can
compromise its descriptive accuracy, as human navigation
exhibits significant heterogeneity.

Thus, to address the two problems presented above, we
use a DE algorithm to estimate the SFM parameters that best
approximate real human trajectories.

The rest of the paper is organized as follows. In Section 4,
we give an overall description of our GTSFM approach, fol-
lowed by a detailed overview of the main building blocks. In
Section 5, we illustrate the experiment setup and the metrics
used to evaluate the algorithms quantitatively and qualita-
tively. In Section 6 we present the overall results of the
experiment. In Section 7, we discuss the results and outline
future research.

Fig. 4 Simulations with 5 agents controlled by SFM with different sets of parameters: (a) Ai = 0.2, Bi = 0.1, ri = r j = 0.1; (b) Ai = 0.45, Bi =
0.3, ri = r j = 0.4; (c) Ai = 1, Bi = 0.7, ri = r j = 0.7. For illustrative purposes, we introduced variability by adjusting only the pedestrian
interaction parameters while assuming that all pedestrians share identical values for the desired speed (vdi ), relaxation time (αi ), and anisotropic
strength (λ)
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4 Methodology

4.1 Overview of GTSFMwith Real-time Parameters
Estimation

In this study, a Game Theory and the Social Force Model
(GTSFM) algorithm with real-time parameter estimation is
adopted.

Here, we posit that the players of the game are both the
robot and humans, as the latter are extensively described by
the SFM in the literature [23]. Therefore, from this point
onwards, we will use the term "agent" interchangeably to
refer to both humans and the robot.

In Fig. 1, the general structure of the algorithm is pre-
sented. Specifically, we devise a game whose action set is
a finite set of possible trajectories for each agent, gener-
ated using the well-established and computationally efficient
SFM over a fixed-time horizon. Then, each agent selects
its action toward minimizing a cost function that takes into
account its willingness to reach its goal, the regularity of its
trajectory, and its willingness to avoid interactions with other
individuals within its personal space.

To find the best SFM sets of parameters approximating
human behavior and generate different trajectories for each
agent, a DE algorithm [31] is incorporated in the GTSFM
framework, as shown in Fig. 1.

However, the excessive time needed to perform the param-
eter estimation makes the DE algorithm inadequate for
real-time applications. Thus, to overcome this issue, the DE
algorithm is mimicked by a neural network. The latter is
trained with supervised data, leveraging a labelled dataset
created by the DE algorithm. The labelled dataset associates
specific features of the scenario, such as the distance between
agents, with the optimal parameters for the SFM.

To compute the optimal parameters for the training
dataset, the DE algorithm computes the best sets of param-
eters for the SFM that approximate real human trajectories
of a public dataset (Thör [51]). The proposed logic is used
to design a robotic trajectory planner in a populated environ-
ment.

In the following Subsections a detailed explanation of the
constituent elements of the GTSFM is presented. Section 4.2
delineates the underlying principles of the social forcemodel.
Section 4.3 provides a structured framework for the usage of
game theory in modelling the navigation process. Section 4.4
furnishes insights into the dataset employed by the DE algo-
rithm. Section 4.5 explains how the DE algorithm is used
to estimate the SFM parameters. Additionally, Section 4.6
details an overview of the neural network needed for real-
time SFM parameter generation. Each of these components
is elucidated individually and comprehensively.

4.2 SFM

The SFM was introduced by D. Helbing and P. Molnar
in [23] to reproduce themotion of humans in an environment.
Over the years, numerous scholars have suggested various
enhancements to refine and improve the Helbing model [52–
54]. In this study,we are inspiredby theworks ofHelbing [23]
and Ferrer [53].

The SFM considers a setN = {1, . . . , n} of n ∈ N agents,
who move in a continuous planar space X ∈ R

2. Each agent
i ∈ N is characterized by a goal pgoali ∈ R

2, that is the
final position that the agent wants to reach, and two time-
varying vectors that determine its current state: its position
pi (t) ∈ R

2 and its velocity vi (t) ∈ R
2. Position and velocity

evolve in continuous time, t ∈ R≥0. The motion of each
agent is governed by a set of forces. In particular, the model
includes an attractive force Fgoal

i , which drives the agents
toward their goals, a set of interaction repulsive forces of the
form Fint

i j , which makes agent i to avoid colliding with agent

j , and a repulsive force Fobs
i related to the proximity of the

agent to a static obstacle or wall.
The motion of the generic i-th agent is obtained by rep-

resenting the agent as a particle complying with the laws of
Newtonian mechanics. The equations of motion of agent i
are given by the following system of ordinary differential
equations discretized with a time step �t :

vi (t + �t ) = vi (t) + �t

⎡
⎣Fgoal

i (t) +
∑

j∈N\{i}
Fint
i j (t) + Fobs

i (t)

⎤
⎦

pi (t + �t ) = pi (t) + �tvi (t),

(1)

where in the first equation we assume, without any loss in
generality, that forces are re-scaled so that all agents have
unitary mass.

In the following, we detail the three types of forces present
in Eq. 1:

Attractive force: Agent i is attracted to its goal pgoali by

means of the driving force Fgoal
i (t). Specifically, fixed a

scalar parameter vdi > 0, which is the desired velocity of
the agent toward its goal, we define

Fgoal
i (t) = vdi êi (t) − vi (t)

αi
, (2)

where êi (t) = pgoali −pi (t)∥∥∥pgoali −pi (t)
∥∥∥
is the desired direction (i.e.,

the normalized vector that points toward the agent’s goal)
and αi ∈ R>0 is a parameter that captures the relaxation
time. The latter regulates the rate of change of the agent –
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a smaller values mimic a stronger tendency to decisively
move toward the goal.
Interaction forces: The interaction with other agents
influences the motion of agent i . Agents tend to feel
uncomfortable when unknown agents get close to their
personal space and consequently try to avoid this situ-
ation [55]. In the SFM, the interaction of agent i with
agent j is modeled with a repulsive force F int

i j (defined
for all j ∈ N \ {i}). We denote by ri , r j > 0 the
radii of the personal spaces of agents i and j , respec-
tively (i.e., the region around humans in which others
cannot intrude without causing discomfort [56]), and by
di j (t) := ||pi (t) − p j (t)|| the distance between the two
agents. Then, the interaction force is defined as

Fint
i j (t) = Ai exp

{
ri + r j − di j (t)

Bi

}
F f ov
i, j (t)n̂i j (t), (3)

where the constant parameters Ai , Bi ∈ R>0 regulate
the strength and range of the interaction force for agent i ,
respectively. F f ov

i, j (t) ∈ [0, 1] is a (time-varying) scaling
factor, associatedwith the agent’s field of view, detailed in

the following, and n̂i j (t) = pi (t)−p j (t)‖pi (t)−p j (t)‖ is the direction

between the two agents.
Since agents have a limited field of view when walking
and are affected mainly by the objects within their field
of view, the repulsive force is scaled by an anisotropic
factor F f ov

i, j (t) ∈ [0, 1] depending on the bearing γi j (t)

of agent j , measured from agent i1.
Such a factor is defined as

F f ov
i, j (t) = λ + (1 − λ)

1 + cos(γi j (t))

2
, (4)

where λ ∈ [0, 1] is the strength of the anisotropic behav-
ior: the closer λ is to one, the smaller the impact of a
limited field of view.
Repulsive forces from obstacles/walls: During naviga-
tion, an agent naturallymaintains a specific distance from
the edges of buildings, walls, and obstacles. The discom-
fort increases as the individual approaches a border, as
greater attention is required to avert the risk of injury, such
as accidental contact with a wall. Consequently, a border
of a generic obstacle elicits a repulsive effect, which is
characterized by the following expression:

Fobs
i (t)= Aobs exp

{
ri + ro − di,obs(t)

Bobs

}
F f ov
i,obs(t )̂ni,obs(t), (5)

1 More specifically, the bearing γi j (t) is the angle between the direction
of motion of agent i and the segment joining the positions of agent i
and agent j .

where the constant parameters Aobs, Bobs ∈ R>0 reg-
ulate the strength and range of the interaction force for
agent i , respectively. ri , ro > 0 are the radius of the per-
sonal spaces of agents i and a value to model a safety
distance from the nearest point of the nearest obstacle,
respectively. di,obs(t) := ||pi (t) − po(t)|| is the distance
between the agent i and the obstacle. As discussed for the
repulsive force between agents (Eq. 3), also the repulsive
force for obstacle is scaledby a corresponding anisotropic
factor F f ov

i,obs(t) defined as follows:

F f ov
i,obs(t) = λ + (1 − λ)

1 + cos γi,obs(t)

2
(6)

where λ ∈ [0, 1] is the strength of the anisotropic behav-
ior: the closer λ is to one, the smaller is the impact of a
limited field of view, and γi,obs(t) is the bearing angle
of the considered obstacle measured from agent i . More-
over, in the definition of the Eq. 5, there is n̂i,obs(t), i.e.
direction between the agent i and the nearest point of the
nearest obstacle defined as n̂i,obs(t) = pi (t)−po(t)

‖pi (t)−po(t)‖ .

All the parameters of the SFM are summarized in Table 1.

4.3 Game-theoretic Formalization

Here, we present a game-theoretic methodology which is a
non-cooperative, static, perfect information, and finite game
with a finite number of agents. In our game, each agent aims
to achieve its own goal individually.

In the proposed GTSFM, the n agents N = {1, . . . , n}
move according to the SFM and use a game-theoretic mech-
anism to find the best set of parameters to generate the best
trajectory to reach the goal and avoid other agents.

Specifically, at each time step t , agent i has a finite set
Si of possible actions. These latter represent possible sets
of SFM parameters. To each action a ∈ Si , we associate
the corresponding trajectory for agent i , denoted as τ ai . We
leverage a cost function J (τ ai ) to associate a cost to each
trajectory τ ai ∈ Si . The objective of each agent is tominimize
its respective cost function.

Here, similar to [30],we posit that the optimal behavior for
humans is the convergence to a Nash equilibrium, a situation
where no agent has an incentive to unilaterally change their
action without the others changing theirs.

In the following, we provide the details on the cost func-
tion defined for the GTSFM, we illustrate the method used
to compute the Nash equilibria of the game, and we finally
summarize our motion algorithm.

Cost Function We assume that agents have perfect informa-
tion, that is, they have information about the current actions
of other agents. This assumption is realistic, considering the
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Table 1 Model variables and
parameters

Symbol Meaning

n number of agents

X ∈ R
2 planar space

pi (t) ∈ R
2 position of agent i at time t

vi (t) ∈ R
2 velocity of agent i at time t

pgoali ∈ R
2 position of the goal of agent i

Fgoal
i ∈ R

2 attractive force for agent i at time t

Fobs
i (t) ∈ R

2 repulsive force of the closest obstacle on agent i at time t

Fint
i j (t) ∈ R

2 interaction force of agent j on i at time t

ri ∈ R>0 radius of the personal space of agent i

r j ∈ R>0 radius of the personal space of agent j

vdi ∈ R>0 desired velocity (in modulus) of agent i

αi ∈ R>0 relaxation time of agent i

Ai ∈ R>0 strength of interaction force for agent i

Aobs ∈ R>0 strength of repulsive force from obstacle i

Bi ∈ R>0 range of interaction force for agent i

Bobs ∈ R>0 range of repulsive force from obstacle

γi j (t) ∈ R bearing of agent j measured by agent i

F f ov
i, j ∈ [0, 1] anisotropic factor in agent interaction

F f ov
i,obs ∈ [0, 1] anisotropic factor for agent-object interaction

γi,obs(t) ∈ R bearing of the nearest obstacle measured by agent i

λ ∈ [0, 1] strength of anisotropic behavior

inherent human characteristic of interpreting others’ behav-
ior and predicting their motion [30].

Using the SFM and the perfect information assumption,
each agent can compute the trajectory associated with each
parameters set. In particular, each trajectory is computed
by using Eq. 1 over a fixed-time horizon (Tprev�t ), where
Tprev is the number of time-steps and �t is the duration of
each time-step. To enhance clarity and without sacrificing
generalizability, here and henceforth, we assume a unitary
discrete-time step, i.e. �t=1.

Finally, to evaluate the cost of each generated trajectory
(τ ai ) for the i-th agent, we define the cost function J (τ ai ) as
the sum of three contributions:

J (τ ai ) = �goal(τ
a
i ) + �smooth(τ

a
i ) + �int(τ

a
i ). (7)

Such a cost function is built on the cost function pro-
posed in [40] by part of the authors, enriched with a term that
accounts for the willingness to engage in social interaction.
Details on the three summands are given in what follows.

The first term is defined as

�goal(τ
a
i ) =

Tprev∑
k=1

‖pi (t + k) − pgoali ‖, (8)

and accounts for the path length for agent i . Hence, mini-
mizing such a term captures the goal-oriented attitude of the
agent.

The second term is defined as

�smooth(τ
a
i ) =

Tprev∑
k=1

|θi (t + k) − θi (t + (k − 1))|, (9)

where θi (t + k), θi (t + (k − 1)) are the orientation (angle) of
the agent at time-step (t + k) and (t + (k − 1)), respectively.
Such a term penalizes excessive rotations, thus promoting
smooth trajectories. In fact, during navigation, humans tend
to avoid too many changes of orientation to minimize their
energy consumption [57].

The third term is defined as

�int(τ
a
i ) =

∑
j∈N \{i}

Tprev∑
k=1

ρ

‖pi (t + k) − p j (t + k)‖ , (10)

where ρ ∈ R≥0 is a (constant) weighting factor, and the
denominator in Eq. (10) is the distance between the agent
position pi (t + k) and the other agents p j (t + k) at time-
step (t + k). Hence, by minimizing this term, agents tend to
maintain a safe distance from others. The weighting factor
ρ determines the relative weight of this term with respect to
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the other two in the cost function and, ultimately, the radius
of the agents’ personal space.

Numerical Computation of Nash Equilibria Following [30],
we assume that agents during navigation tend to converge to
a Nash equilibrium. This refers to a situation where no agent
has an incentive to unilaterally change its action without the
others changing theirs.

However, the existence and uniqueness of a Nash equi-
librium cannot be guaranteed in our setup, and its ana-
lytical characterization is unattainable. Therefore, we use
numerical methods to compute an approximate Nash equi-
librium, specifically through the sequential best response
approach [58]. To describe the concept of sequential best
response, we propose the following example that involves
two agents.

Example 1 Consider two agents, termed i and j . Agent i
observes the navigation of agent j at time t and chooses the
best trajectory to reach its own goal, given the latest observed
motion of agent j . Subsequently, in each iteration, a check
action is taken to confirm whether both agents’ strategies
remain unchanged from the previous iteration; in such a case,
the game has reached a Nash equilibrium. Otherwise, agent
j computes its optimal strategy based on the latest strategy of
agent i . This iterative process continues until the equilibrium
is met. The presented logic can be extended to n agents.

The game-theoretical trajectory planning is implemented
following the logic shown in Algorithm 1. During its main
loop, Algorithm 1 invokes the game-theoretical strategy
selection outlined above, which logic is described in Algo-
rithm 2.

Algorithm 1Main algorithm of GTSFM trajectory plan-
ning.
probot ← InitializeRobotPosition
τ ← FirstEstimation [straight paths for all agents]
while probot �= pgoal do

k ← 1 [iteration index]
τ k ← τ

while τ k �= τ (k−1) do
k ← k + 1
foreach agent i (robot included) ∈ N do

(τ ∗
i )k← StrategySelection (i, τ )

probot ← UpdateRobotPosition

4.4 Dataset for DE Algorithm

To determine the optimal sets of parameters for SFM, the DE
algorithm requires a dataset comprising real human trajecto-
ries as input.

Algorithm 2 Computation of the actions with the SFM
and strategy selection for an agent.

StrategySelection(i, τ)
foreach action a do

while t < Tprev do
dvi
dt = Fgoal

i (t) + ∑
j∈N\{i} Fint

i j (a, t) + Fobs
i (t)

vi (t) = vi (t − �t) + dvi
dt

pi (t) = pi (t − �t) + vi (t)�t
t = t + �t

(J (τ ai )) ← CostComputation(τ ai )

(τ ∗
i )k ← MinimizationCost(J (τ i ))

return (τ ∗
i )k

In this work, the Thör [51] dataset is used, since it is an
open-source dataset of human motion trajectories in a con-
trolled indoor environment. In the Thör dataset, three types
of scenarios are recorded:

1. One obstacle: pedestrians move in the environment with-
out robots, with only a static obstacle positioned at the
center of the laboratory room;

2. Moving robot: pedestrians and robot move in the same
laboratory room, with a static obstacle strategically posi-
tioned at the center of the room. The robot used in the
experiment is programmed to exhibit socially unaware
behavior, adhering to a predetermined path around the
room and maintaining a constant speed and trajectory
without adjustments for the presence of surrounding
humans;

3. Three obstacles: similar to the first scenario, pedestrians
move in the laboratory room in the absence of any robots.
However, in this case, three static obstacles are present
within the room.

To compute the best sets of parameters, we exclude the
use of the second scenario because the robot moves in an
unaware manner. This situation could create some biases in
the movement of the agents, resulting in a computation of
biased parameters, and we aim to avoid this. Moreover, we
also exclude the third case because the recorded trajectories
are highly dependent on the placement of obstacles in the
room. Thus, to compute the best sets of parameters for the
SFM, we used only the first scenario, which seems to be the
most generalizable scenario among the three.

4.5 DE Used to Estimate Realistic SFM Parameters

This study employs the DE due to its advantageous features
over the state-of-the-art algorithms, such as the Evolution-
ary algorithms (EA) [31]. Unlike many EAs, such as the
Genetic Algorithm, DE eliminates the need for encoding
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real-valued parameters into bit strings, leading to reduced
computational complexity and implementation effort. Addi-
tionally, its implementation requires minimal lines of code,
making it accessible to researchers across diverse fields.
Furthermore, DE’s performance depends on tuning just a
few well-studied control parameters (population size, muta-
tion factor, and crossover rate), facilitating efficient control
parameter tuning.

Due to these characteristics, the DE has become one of the
most popular optimization algorithms used in research [31].
DE’s versatility hasmade it a popular optimization algorithm
in various fields, including aircraft control [59], robot local-
ization [60], and trajectory planning [61].

Taking inspiration from the work of Johansson et al. [62],
our implemented DE algorithm replaces each pedestrian in
the Thör dataset (one at a time) with a simulated robot. Such
simulated robot moves using the SFM. Specifically, it will
start from the same position as the real substituted pedestrian
and move for successive Tprev time steps �t . This makes it
possible to compare the positions reached by the simulated
robot driven by SFMwith the actual positions reached by the
real substituted pedestrian.

This comparison will be executed during the selection
phase using the following fitness function:

f (X ) =
∑(t+�t Tprev)

k=t ‖probot (k) − ppedToSub(k)‖
N

(11)

where N represents the total number of points in the
trajectory generated by SFM. Such fitness function takes
in consideration the average value of the cumulative error
between the approximated position probot and the real
pedestrian position ppedToSub over Tprev time step of the
considered trajectory.

For completeness, in Table 2we summarize the final value
of the control parameters of the Differential Evolution algo-
rithm applied in this work. For more details regarding the DE
algorithm, please refer to [31].

Algorithm Description The proposed algorithm is used to
estimate the D = 7 main parameters of the Social Force
Model specifically Ai , Bi , ri , R0, λ, vi , αi of the i-th pedes-
trian.

Table 2 Control parameters of the implemented DE algorithm

Symbol Value Meaning

N P 42 Number of chromosomes in the population

NG 90 Number of generations

F 0.5 Mutation factor

Cr 0.6 Crossover rate

The main steps to obtain the SFM parameters with DE,
applied to the Thör dataset are summarized in Algorithm 3.

The inputs of the Algorithm 3 are: the duration of each
time-step �t , the number of simulated time-steps Tprev , and
the Thör dataset. The latter contains different trajectories for
each pedestrian. Every point along each trajectory is iden-
tified by a tuple (x, y, t), which contains the coordinates in
the 2-D plane and the corresponding time t . For each pedes-
trian pedReal belonging to the Thör dataset, the algorithm
saves all trajectories in PedTrajectoriesInfo using the func-
tion getTrajectoriesInfo (line 3). In this way, all the start, goal
positions, and the instant of reaching the goal (T tr

goal ) for each
trajectory (tr ) are known.

Then, for each trajectory, the DE is applied (line 4) until
the time t achieves the T tr

goal (line 5).Moreover, at each time t
the DE is used to simulate over a fixed time horizon Tprev�t .
Thus, it is necessary to ensure that the simulated trajectory
does not extend beyond the real one (line 6). If the simu-
lated trajectory goes beyond the real one, then the algorithm
proceeds to the next trajectory (line 7). Otherwise, the best
parameters of the SFM that approximate the real trajectory
over the time interval [t; (t + �t Tprev)] are estimated (line
8).

Then, the initial position of the robot is set to the posi-
tion of the real pedestrian (line 9). In line 10, the distance
between the robot and the closest obstacle is computed. Then,
from line 11 to 13, the distances between the robot and the
three nearest pedestrians are computed. The estimation of
the best four parameter sets is accomplished using the func-
tion BestEstPar, as indicated in line 15. The inputs of this
function are: all the control parameters of the DE algorithm
(N P, F,Cr , NG), the boundaries of the intervals for all
D parameters (Xmin, Xmax ), and the information regarding
the simulation (�t , Tprev). Ultimately, the four distances are
associated with the four sets of estimated parameters that
most accurately approximate that section of the trajectory
(line 16). This part is crucial for generating a sufficiently
large labelled dataset that can be used as a training dataset
for the neural network. At the end of the algorithm, the time
of the simulation is updated (line 17).

In Fig. 5, some results of the DE algorithm applied to the
Thör dataset are shown. In particular, in green is shown the
real human trajectory and in black the trajectory generated by
the SFM with the parameter estimated by the DE algorithm.

4.6 Neural Network for Real-time Parameters
Estimation

The training and testing phase of the Neural Network (NN),
and the use of the NN in the GTSFM algorithm are summa-
rized in Fig. 6.

In particular, for the creation of theNN, a training-labelled
dataset obtained from the DE algorithm is used. Then, a
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Fig. 5 Comparison between the
real human trajectory (in green)
and the robot trajectory
generated by the SFM with the
parameters obtained through the
DE (in black)

Algorithm 3 Main algorithm of SFM parameters esti-
mation with DE in Thör dataset.
1 Input: �t , Tprev,ThorDataset
2 foreach pedReal ∈ ThorDataset do
3 PedTrajectoriesInfo ← GetTragectoriesInfo(pedReal)
4 foreach tr ∈ PedTrajectoriesInfo do
5 while t < T tr

goal do
6 if (t + Tprev�t ) > T tr

goal then
7 break
8 else
9 probot (t) = ppedReal (t)

10 drobot,obs(t) = ‖probot (t) − pobs‖
11 drobot,ped1 (t) = ‖probot (t) − pped1 (t)‖
12 drobot,ped2 (t) = ‖probot (t) − pped2 (t)‖
13 drobot,ped3 (t) = ‖probot (t) − pped3 (t)‖
14 d3closest Ped (t) =

[drobot,ped1 (t), drobot,ped2 (t), drobot,ped3 (t)]
15 bestSets ←

BestEstPar(N P, F,Cr , NG, Xmin, Xmax ,

16 �t , Tprev)

17 paramDataset ←
[drobot,obs(t),d3closest Ped (t), bestSets]

18 t ← t + �t

testing phase is performed, using another dataset obtained
from the DE algorithm (Fig. 6a). Once the model has been
trained and tested, it is ready to be used in the GTSFM algo-
rithm (Fig. 6b). Indeed, the GTSFM algorithm uses the NN
to receive different sets of parameters to generate, through
the SFM, the set of trajectories for each agent. Then, the best
trajectory for each agent is chosen through the game theory
logic.

In this study, the NN is trained and tested using Ten-
sorFlow [63], an open-source machine learning framework
developed by Google Brain. Then, the final NN is integrated
into ROS to ensure the implementation of the navigation
algorithm into a mobile robot.

In Fig. 6b, the inputs, the outputs and the inner structure
of the NN are highlighted. Starting from the description of
the inputs, the NN has four input parameters: the distance
between the considered agent i and the nearest obstacle, and
the distances between the same agent i and the three nearest
pedestrians.As a result of this setup, the input layer comprises
four neurons.

The outputs are a total of 28 parameters, namely 7 param-
eters for each set, which in this case are 4. As a result of
this setup, the output layer comprises 28 neurons. In Fig. 6b,
for the purpose of illustration, 4 neurons are represented as
outputs of the NN, indicating the 4 sets.

Regarding the inner structure, the NN includes three
hidden layers containing 200 neurons each. These neurons
employ the ReLU (Rectified Linear Unit) function as acti-
vation function, to elaborate the combination of inputs from
the preceding layer.

To obtain the final NN, the training and testing phases are
executed. In both phases, the same metric is used to evaluate

Fig. 6 a) Training and testing of the neural network; b) Neural network
in the GTSFM algorithm
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performances, i.e.MeanAbsolute Error (MAE). In this study,
the training phase is executed leveraging theAdam optimizer,
an optimization algorithm that employs a stochastic gradient
descent method. In this phase, a dataset of 420 labelled data
is used. In total, the NN is trained for 100 epochs, obtaining a
final MAE of 0.2665. In the testing phase, a testing dataset of
100 labelled data is used, obtaining a final MAE of 0.2676.

5 Experiments Design

The experimental phase aims to test the performance of the
GTSFM algorithm to evaluate social acceptability from both
a quantitative and qualitative point of view.

While ensuring the social acceptability of algorithms
remains challenging due to the inherent subjectivity and
context-dependence of the concept, Kruse et al. [6] propose a
study that identifies three key approaches to enhancing robot
acceptance: human comfort, naturalness, and sociability.

In this study, to measure quantitatively the acceptance,
we focused mainly on the first two concepts: human comfort
and naturalness. The former is ensured through the respect
of human personal space. The last is quantitatively evaluated
by analyzing the smoothness of planned trajectories through
performance metrics of the state of the art.

While sociability is an important aspect of human-robot
interaction, we have chosen not to focus on this area in our
current algorithm development for the quantitative phase.
This is because sociability can vary greatly depending on
the culture and specific situation the robot encounters, and
we aim to develop a generalizable algorithm that does not
conform to specific social cultures.

The quantitative analysis has been conducted through a
simulative campaign. The performances of the algorithms
have been evaluated using 4 different state-of-the-art met-
rics: Path Length Ratio (PLR), Average Speed (AS), Closest
Pedestrian Distance (CPD) and Path Regularity (PR).

To measure qualitatively the acceptability of the GTSFM
trajectories we measured the anthropomorphism through the
HRIES scale [64], which includes measures regarding com-
fort, naturalness and sociability.

The qualitative analysis has been conducted in a real-
world environment with a real mobile robot (Locobot WX-
250s) and 2 participants for each experiment. The qualitative
assessment of the performance of the algorithms under test
has been carried out using a state-of-the-art questionnaire
(HRIES) administered to each participant at the end of each
experiment.

For an accurate evaluation, in both analyses, the GTSFM
has been compared with two other widely used state-of-the-
art approaches: the SFM and ORCA.

The following subsections provide detailed information
on the methodology used for designing both quantitative and
qualitative experiments, including a description of the quan-
titative metrics, the structure of the selected questionnaire,
the power analysis required to estimate the sample (number
of total participants for the experiment) and the statistical
analysis used to evaluate the collected data.

5.1 Quantitative Evaluation

Simulative Campaign The simulation campaign includes
180 simulations (trials) for each of the algorithms under
consideration. The 180 trials consist of two distinct nav-
igation scenarios: the first scenario, comprising 90 trials,
involves three pedestrians, while the second scenario, com-
prising the remaining 90 trials, incorporates four pedestrians.
Both scenarios are designed to replicate navigation situations
characterized by low crowd density conditions, while simul-
taneously introducing a degree of variability in potential
interactions between robots and pedestrians. In these scenar-
ios, all pedestrians navigate from an initial position to a final
destination using the SFMGazebo’s plugin. The deployment
of this plugin is crucial for enabling simulated pedestrians to
exhibit avoidance behaviors when encountering the robot,
thereby enhancing the authenticity of assessments related to
socially-aware navigation.

The simulation environment is created in Gazebo and
characterized by the following dimensions: 8.5m x 5.5m.
Thus, the overall area comprises approximately 47m2, which
is consistent with the dimensions of environments commonly
referenced in literature for conducting real-world experi-
ments [10] [65]. Furthermore, this size closely aligns with
the dimensions of the real room employed for testing the
algorithms in a real-world context.

To guarantee that each simulation involves a minimum of
one interaction between pedestrians and robot, the following
methodology is adopted. First, the simulation environment
is partitioned into six distinct fictitious zones, as shown in
Fig. 7. Specifically, each fictitious zone z is defined by a set
of coordinates ranges:

Zx = {
xzmin; xzmax

}

Zy = {
yzmin; yzmax

} (12)

Second, the spawn zones, denoting the simulation start-
ing points, and the goal zones are strategically configured
for each agent to guarantee the occurrence of interactions
between agents, as summarized in Table 3.

For each trial, zone F is utilized to spawn the robot during
its initialization within the simulated environment. On the
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Fig. 7 Simulated environment
with six fictitious zones
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Table 3 Each spawn zone is
paired with corresponding goal
zones

Spawn zone Goal zone

A D, E

B D, F

C E, F

D A, B

F C

other hand, zones A, B, C, D are designated for the spawning
of pedestrians.

Before the start of each trial, each pedestrian i , within
the simulated environment, autonomously selects its spawn
zone z from the available options, using a uniform distri-
bution. Then, each pedestrian i stochastically determines its
initial position within the chosen zone z, with the following
equations:

xzi = xzmin + rand(0, 10)
xzmax − xzmin

10
(13)

yzi = yzmin + rand(0, 10)
yzmax − yzmin

10
(14)

where rand(0, 10) is a uniformly distributed random
number ranging from0 to 10. Instead, xzmin, x

z
max , y

z
min, y

z
max

are the ranges of the chosen zone z.
The spawn zones are mutually exclusive, indicating that

once a zone is chosen as a spawn location by one pedestrian,
it becomes unavailable for selection by another pedestrian.

After determining its initial position, each pedestrian pro-
ceeds to randomly select the goal zone based on the principle
outlined in Table 3. Subsequently, each pedestrian performs
the calculation to determine the final goal position to reach
within the chosen zone. This process is carried out using the
same method employed for the calculation of initial position
described inEqs. 13 and 14. In this context aswell, the chosen
goal zones are mutually exclusive to prevent the occurrence
of multiple pedestrians sharing a common target area.

Performance Metrics To enhance the robot’s acceptance,
navigation algorithms should ensure both their effectiveness
in achieving goals and their ability to provide a natural and
comfortable experience for humans. This necessitates the
use of precise performance metrics that quantitatively assess
these aspects. Several state-of-the-art performance metrics,
such as those proposed by Biswas et al. [66] and Gao et
al. [67], have been developed for this purpose. This section
focuses on the chosen performance metrics adopted in this
work to quantitatively evaluate different trajectories.

In particular, the performance metrics used to assess the
trajectories’ performance are:

Path Length Ratio (PLR):

This performance metric measures the ratio between the
direct line-of-sight distance between the starting and end-
ing points of a path, and the actual distance traversed by
the agent between those two points:

PLR = ‖probot (Tgoal) − probot (0)|∑Tgoal
t=1 ‖probot (t) − probot (t − 1)‖

(15)

where Tgoal is the number of time-steps needed for the
robot to reach its goal. Hence, this metric takes values in
the range [0,1]. Generally, a high PLR is desirable, sig-
nifying that the agent tends to reach its destination while
minimizing the length of the path. Bymeasuring thismet-
ric, we can analyze how efficiently and successfully the
agent navigates towards achieving its goal.
Average Speed (AS):
This metric represents the average speed of the agent
along the entire trajectory, a factor used sometimes in
evaluating its overall performance:

AS =
∑Tgoal

t=1 vrobot (t)

Tgoal
(16)

However, this metric may also capture perceptions of
comfort. Studies suggest a negative correlation between
robot speed and perceived safety, potentially impacting
comfort evaluations [68].
Closest Pedestrian Distance (CPD):
This metric denotes the distance between the agent i and
the nearest agent j during the entire considered trajec-
tory:

CPD = min
t, j

‖probot (t) − p j (t)‖ (17)

An increased CPD value signifies that the agent i has
a propensity to stay further away from the other agents.
This contributes to increasing the level of comfort for
humans.
Path Regularity (PR):
This metric evaluates naturalness by measuring the nor-
malized rotations made by the agent during navigation.
Such metric is computed as follows:

PR = 1 −
∑Tgoal

t=1 |θ(t) − θ(t − 1)|
P Imax

(18)

where θ(t) represents the robot’s orientation at a generic
time instant t and the denominator P Imax is the normal-
izing factor computed as:

P Imax = max
SFM,
ORCA,
GT SFM

Tgoal∑
t=1

|θ(t) − θ(t − 1)| (19)
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The PR assumes valueswithin the range of [0,1]. A value
of 1 signifies a direct path from the agent’s starting point
to the goal. On the other hand, a value approaching 0
indicates a significant number of rotations during navi-
gation. For our purpose, it is preferred to obtain a PR
value closer to 1, to have a smooth motion with few sud-
den changes in direction.

5.2 Qualitative Evaluation

Real-world Experiments The room of the real-world experi-
ment is approximately 40 m2. The involved participants are
2 and one robot (Locobot WX250). The total number of par-
ticipants was 76, exceeding the minimum sample estimated
with the power analysis presented in the paragraph below.
Within the experiment, every participant is assigned a spe-
cific starting point and a corresponding goal to achieve.

The experimental protocol comprises three phases:

1. Explanation of the experiment and collection of par-
ticipant general information
In this phase, each participant receives detailed infor-
mation regarding the research objectives, experimental
procedure, risks and benefits of the experiment, and the
right to withdraw at any time from the experiment. Addi-
tionally, each participant is given a consent form to sign,
granting their participation in the research project. Then,
the participants are required to provide their gender, age,
and level of experience in the robotics field on a Likert
scale from 1 (no experience) to 5 (expert). This phase is
expected to take about 6 minutes;

2. Participant training
During this phase, participants are allowed to walk in the
room for 3 minutes without the robot. Subsequently, par-
ticipants have another 3 minutes to walk in the same room
but with the robot. This phase is essential to allow each
participant to become familiar with the environment and
the experiment scenario;

3. Experiment
In this phase, participants walk from a predefined start-
ing point to a goal. This phase will consist of 3 sessions,
one for each algorithm. Within each session, 4 trials are
conducted. At the end of each session, each participant
completes an online questionnaire based on the Human-
Robot Interaction Evaluation Scale (HRIES scale [64]).

The order of the sessions for each experiment is ran-
domized to avoid collecting data with biases related to the
order of execution of the different algorithms. Each session
is expected to take about 5 minutes. To complete the entire
experiment, each participant needs approximately 30 min-
utes.

Fig. 8 The Human-Robot Interaction Evaluation Scale (HRIES) [64]

Survey Questionnaire
To evaluate how humans perceive robots controlled by the

GTSFM algorithm, the HRIES is adopted.

Figure 8 illustrates the scale developed in [64]. The scale
is designed to assess how humans perceive robots, with a
particular focus onanthropomorphism. However, the concept
of anthropomorphism is too broad to be measured directly.
Therefore, the authors identify four factors (shown on the
right in Fig. 8) that are measured through items (depicted on
the left in Fig. 8).

The factors on the scale are: sociability, animacy, agency,
and disturbance. Sociability is characterized by the capacity
of an individual or group to interact effectively and with pos-
itive engagement with others. The animacy suggests human
characteristics for non-human agents. The agency is the
capacity of a robot to act independently and make its own
decisions, thus is strictly linked with the perceived intelli-
gence of the robot. The disturbance captures the negative
valence associated with perceptions of robot, including feel-
ings of discomfort and specific negative evaluations.

The questionnaire is available in English and Italian,
allowing participants to choose the language they feel most
comfortable with. The Italian translation of the HRIES scale
is presented in Table 4. The translation of the items is con-
ducted with the assistance of the scale author, Dr. Spatola.

Regarding the practical use of the scale, we follow the
instructions reported in [64], tailoring the research question
to align with the robotic behavior of interest: the robot’s
movement. In particular, each item is rated using a 7-point
Likert scale, answering the following question:

"Using the provided scale, how closely are the words
below associated with the robot’s motion during the experi-
ment?"
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Table 4 Italian translation of the items in HRIES

Items in English Items in Italian

Warm Caloroso

Likeable Piacevole

Trustworthy Affidabile

Friendly Amichevole

Alive Vivo

Natural Naturale

Real Reale

Human-like Sembianze umane

Self-reliant Autonomo

Rational Razionale

Intentional Intenzionale

Intelligent Intelligente

Creepy Raccapricciante

Scary Spaventoso

Uncanny Inquietante

Weird Strano

By collecting data on the anthropomorphization of the
robot’s behavior, we collect information about how humans
perceive the robot. Specifically, the algorithm that is per-
ceived with the highest anthropomorphism probably shares
more human-like characteristics than the other algorithms,
being the most socially accepted [33].

A Priori Power Analysis Our study aims to investigate the
subjective perception of the GTSFM algorithm in compari-
son to SFMandORCAalgorithms. To estimate the number of
participants ensuring the reliability and validity of our find-
ings [69], we conducted a rigorous a-priori power analysis,
employing the freely available software G*Power [70]. The
HRIES questionnaire, chosen in our study for the real-world
experiment, is validated through different studies in [64],
where a normal distribution of data is assumed. Based on
these previous studies, we also assumed that our data adhere
to a normal distribution. Consequently, this allows us to
confidently support the use of parametric tests in our analy-
sis [71]. Then, we assumed that the data collected during
the real-world experiment can be analyzed via the para-
metric one-way ANOVA because our independent variables
are more than two independent groups (GTSFM, SFM and
ORCA) and our dependent variables (the factors of the ques-
tionnaire) are continuous since the factors are computed
through the Principal Component Analysis [72]. The result
of the a-priori analysis for the one-way ANOVA was 66 vol-
unteers, considering an alpha level equal to 5%, power of
the study 80% and the three groups, corresponding to the
three different algorithms.We recruited the participants using
the Institutional email of Politecnico di Torino and then, we

invited them to come to the lab, where the experiment took
place. Ultimately, we collected 76 responses, exceeding the
sample size of 66.

Statistical Analysis of Data The objective of the statistical
data analysis of the qualitative data is to reject the following
null hypothesis:

All algorithms (GTSFM, SFM, ORCA) are perceived by
participants as indistinguishable.

To achieve this objective, first of all, it is necessary to
reduce the dimension of the dataset from the items to the
possible factors through the principal component analysis
(PCA) [72]. Before performing the PCA analysis, the merg-
ing of the data collected for each algorithm is necessary,
since the PCA requires a single dataset of all the data col-
lected. Then, to ensure that all items have the same scale, the
standardization of the data is performed. Subsequently, the
PCA is performed and the loadings are rotated. The rotation
of the loadings is a post-processing step that can improve the
interpretability of the results by making the loadings more
meaningful [72]. Finally, the score of each principal compo-
nent for each participant is computed, considering the linear
combinationof the standardizeddatawith the computed load-
ings.

Then, to reject the null hypothesis, the one-way ANOVA
is performed on the computed score. If the one-way ANOVA
test produces a statistical significance value (p-value) below
5%, itmeans there is the presenceof at least onegroup that has
a significant difference from the others in terms of some fac-
tor. To discover which groups are classified as significantly
different, a post-hoc analysis is performed considering two
pairs of groups at a time.

6 Results

6.1 Quantitative Results

The outcomes of the performance metrics, obtained through
a Monte Carlo numerical simulation, are shown in Fig. 9.

For each performancemetric, a Kruskal-Wallis test is con-
ducted to statistically reject the following null hypothesis:

Null Hypotesis All algorithms (GTSFM, SFM, ORCA)
are statistically indistinguishable considering the state-of-
the-art performance metrics testing social navigation.

Then, since for each performance metric, a statistically
significant difference is identified (p < 0.05, χ2 = 173, 22
for PLR; p < 0.05, χ2 = 222, 00 for AS; p < 0.05, χ2 =
53, 18 for CPD; p < 0.05, χ2 = 435, 16 for PR), a post-
hoc analysis, involving pairwise comparison of algorithms,
is conducted and below is discussed.
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Fig. 9 Mean value and standard
deviation of the considered
performance metrics for each
algorithm: SFM (Social Force
Model), ORCA (Optimal
Reciprocal Collision
Avoidance), GTSFM
(Game-theoretic Social Force
Model). The performance
metrics are: a) PLR (Path
Length Ratio), b) AS (Average
Speed), c) CPD (Closest
Pedestrian Distance), d) PR
(Path Regularity)

PLR

0.7

0.75

0.8

0.85

0.9

0.95

1
a)

SFM ORCA GTSFM

CPD

0.7

0.8

0.9

1

1.1

1.2

1.3

1.4
c)

AS

0.2

0.25

0.3

0.35

0.4

0.45

0.5
b)

PR

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
d)

In general, our numerical validation confirms thatGTSFM
exhibits a significant improvement over SFM across all four
performance metrics.

In particular, in Fig. 9a, the PLR for each algorithm is
shown and reveals that the SFM is characterized by the
lowest average PLR, followed by ORCA and GTSFM in
a tie. Although ORCA has a very similar mean value to
GTSFM, post-hoc analysis reveals a presence of signifi-
cant statistical difference (p = 0.02). This result is justified
by the fact that the post-hoc analysis compares the mean
of the calculated ranks and not the mean of the values
(mean rank SFM= 148,11; mean rank ORCA=353.59; mean
rankGTSFM=309.79).When examining the remaining pairs
of groups, a statistically significant difference is observed
(SFM-ORCA p < 0.05; SFM-GTSFM p < 0.05). Regard-
ing the standard deviation, ORCA and SFM exhibit a higher
variability than GTSFM. This result indicates that in terms
of PLR, the repeatability and predictability of each experi-
mental condition are much higher in GTSFM than in ORCA
and SFM.

The average speed (AS) in the three experimental con-
ditions is illustrated in Fig. 9b, where the highest average
value is related to ORCA, followed by GTSFM and SFM,
which are in turn distinguishable from one another (post-
hoc analysis: for SFM-ORCA p < 0.05; for SFM-GTSFM
p < 0.05; for ORCA-GTSFM p < 0.05). The highest
mean value of ORCA is justified by the fact that ORCA is
designed to maximize the velocity of the robot maintain-
ing a safe distance from other agents. GTSFM maintains a
higher mean value than SFM because one of the distinctive
features of GTSFM lies in its predictive logic. Unlike SFM,
which tends to avoid agentswhen it is nearby,GTSFMadopts
a strategy of reducing speed and selecting a trajectory that
avoids people in advance. Similar to SFM, ORCA is a reac-

tive method and thus fails to predict the trajectories of other
agents along a consistent time horizon. This limitation results
in higher standard deviations for ORCA and SFM compared
to GTSFM, suggesting their potential for less stable naviga-
tion in dynamic environments. This result highlights the fact
that the average speed of the GTSFM remains about the same
in the 180 trial indicating a greater repeatability capacity of
the GTSFM than the other two algorithms.

Although the results are promising, the average speed
values obtained are not yet comparable to human speed val-
ues. This limitation is tied to the physical constraints of the
Locobot, which has a maximum speed limit of 0.5 m/s.

Average values of CPD in the three experimental condi-
tions are illustrated in Fig. 9c, where the highest average
value is related to GTSFM, followed by ORCA and SFM.
The reason for this ranking is presumably due to the purely
reactive design of the ORCA and SFM algorithm. Although
GTSFM has a higher mean value than ORCA, post-hoc anal-
ysis reveals an absence of significant statistical difference
(p = 0.79), proving that both algorithms try to maintain a
certain distance from people to ensure their comfort. When
examining the remaining pairs of groups, a statistically sig-
nificant difference is observed (SFM-ORCA p < 0.05;
SFM-GTSFM p < 0.05).

The metric that most clearly underlines the significant
advantage of employing game theory in navigation is path
regularity (PR). In Fig. 9d, the average PR for each exper-
imental condition is illustrated, where the highest average
value pertains toGTSFM, followed bySFMandORCA, each
of which is distinguishable from the others (post-hoc analy-
sis: for SFM-ORCA p < 0.05; for SFM-GTSFM p < 0.05;
for ORCA-GTSFM p < 0.05). The highest mean value of
theGTSFMis probably justifiedby the incorporation of game
theory enables the identification of optimal parameterswithin

123



  110 Page 18 of 24 Journal of Intelligent & Robotic Systems          (2025) 111:110 

Table 5 Demographic characteristics and participants’ levels of expe-
rience with robotics, assessed on a scale ranging from 1 (indicating
minimal experience) to 5 (indicating maximal experience)

Number of Participants 76

Gender Male 73.7% and Female 26.3%

Age 24.99 ± 3.91

Experience with robotics 2.03 ± 1.07

This data is gathered in the first phase of the experiment

the SFM to execute evasive maneuvers as smoothly as pos-
sible.

6.2 Qualitative Results

We collected 76 responses for the real-world experiment,
where the average age of the participants was approximately
25, having limited robotics experience. The gender compo-
sition is unbalanced toward men (Table 5).

Firstly, experimental outcomes are analyzedwith the PCA
to reduce the dimension of the dataset through the identifi-
cation of the latent factors. Then, the one-way ANOVA is
performed to statistically reject the following null hypothe-
sis.

Our null hypothesis posits:All algorithms (GTSFM, SFM,
ORCA) are perceived by participants as indistinguishable.

Asummary of the PCA loadings for each item is presented
in Fig. 10. The latter highlights the four main components
that exhibit the highest variances to try to interpret each com-
ponent with the factor of the HRIES scale. However, as can
be easily deduced from the Fig. 10, only the first two compo-
nents can be directly associated with two factors of the scale.
The remaining two factors do not align significantly with any
of the PCA components. In particular, the first component
exhibits a significant concentration of items associated with
agency, while also displaying amoderate influence from ani-

macy and sociability. The second component predominantly
comprises items associated with disturbance. Nevertheless,
the lack of interpretability for the remaining two components
associated with sociability and animacy factors might be
attributed to the non-human appearance of the robot, which
precludes reliable assessments for these factors.

Means and standard deviations of component scores are
presented in Fig. 11. Specifically, the measure of the per-
ceived agency across the three algorithms is illustrated in
Fig. 11a, where the SFM is characterized by the highest aver-
age score, followedbyGTSFMandORCA.However, despite
the initial indications of the one-way ANOVA (F = 4.54,
p = 0.01) of significant differences in agency scores among
the algorithms, a post-hoc analysis (Table 6) reveals that only
the pair SFM-ORCA is statistically different. Participants
perceive the remaining pairs as being indistinguishable.

On the other hand, the measure of the perceived distur-
bance across the same algorithms is illustrated in Fig. 11b,
where ORCA is characterized by the highest average score,
followed by GTSFM and SFM. Nevertheless, the one-
way ANOVA, conducted on disturbance scores, reveals the
absence of statistically significant differences (F = 0.67,
p = 0.51). These findings indicate that participants are
unable to detect differences in comfort between the three
algorithms.

7 Discussion and conclusions

This study aims to develop a navigation system that gener-
ates trajectories for autonomous robots to ensure the social
acceptance of humans by leveraging the concept of anthro-
pomorphism.

To achieve this goal, we combined the well-known Social
Force Model with game theory (GTSFM) to devise a trajec-
tory planning algorithm. This algorithm enables the robot to
anticipate human movements and navigate smoothly.

Fig. 10 Loadings for each item
considering 4 principal
components as suggested by the
HRIES scale [64]. In bold is
highlighted the maximum value
for each item. Highlighted in
yellow are the items that make
the most significant
contributions to that component
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Fig. 11 Mean and standard
deviation of component scores
across different algorithms:
SFM (Social Force Model),
ORCA (Optimal Reciprocal
Collision Avoidance), GTSFM
(Game-theoretic Social Force
Model). The components are: a)
1st Component is the perceived
agency, b) 2nd Component is
the perceived disturbance

To assess the social acceptability of the generated robotic
trajectories, we conducted a twofold validation: first, we
evaluatedquantitatively the performanceof the generated tra-
jectories across three experimental conditions (SFM, ORCA
and GTSFM) through performance parameters of the state
of the art (PLR, AS, CPD, and PR). This validation has been
done through a Monte Carlo simulation campaign. Then, we
performed a qualitative analysis through a survey question-
naire with a statistically significant group of volunteers using
the HRIES scale [64]. This validation has been done through
a real-world experiment.

The most significant finding of the quantitative analysis
is that the GTSFM algorithm produces smoother paths than
the two state-of-the-art algorithms, resulting in a more natu-
ral motion.Moreover, through numerical validation, we have
consistently observed that GTSFM outperforms SFM across
the four performance metrics. In particular, the results sug-
gest that GTSFM excels in finding shorter, smoother paths
with a higher speed than SFM, reducing the time to reach
the goal while maintaining a safer distance from humans.
This finding highlights the effectiveness of GTSFM in
achieving more efficient and natural navigation compared to
SFM.

Table 6 Post-Hoc analysis on the score of the 1st component

Algorithm 1 Algorithm 2 p-value

SFM ORCA 0.009

SFM GTSFM 0.119

ORCA GTSFM 0.586

In yellow is highlighted the statistically different pair

While ORCA excels in speed (AS) and efficiency (PLR),
its social navigation capabilities are lower than GTSFM.
Indeed,ORCA’s trajectories tend to be less smooth and closer
to pedestrians than GTSFM, potentially increasing the risk
of collisions and pedestrian disturbance.

Nevertheless, these quantitative findings are not consis-
tent with the qualitative results. The latter reveals that none
of the considered principal components shows a statisti-
cally significant difference between the algorithms, except
for SFM and ORCA in the case of agency (the first com-
ponent). This apparent contradiction between the two types
of analysis raises interesting questions about the reasons
behind these findings. This discrepancy could potentially
stem from the influence of unaccounted factors. One such
factor might be the robot’s appearance, which obscures the
distinction between the algorithms. Additionally, the limited
maximumvelocity of the real robot (0.5m/s) compared to the
average human walking velocity (1.4 m/s [73]) might have
hindered the identification of a potentially anthropomorphic
algorithm.

Algorithm acceptability is evaluated through both quan-
titative and qualitative measures, each addressing distinct
aspects. Nonetheless, some measures aim to understand
shared underlying factors, allowing for a unified discussion
of these measures.

Quantitative measures, such as PLR, AS, CPD, and PR,
provide objective assessments of algorithm performance.
PLR indicates the overall efficiency of the algorithm, while
AS and CPD measure how comfortable the generated tra-
jectories are for humans. In particular, the human comfort
decreases as the robot’s speed of movement increases [68].
Instead, the human comfort increases as the robot’s distance
from humans increases [68]. PR assesses the smoothness of

123



  110 Page 20 of 24 Journal of Intelligent & Robotic Systems          (2025) 111:110 

the trajectories, which is related to the naturalness of the
robot’s movements [67].

On the other hand, the qualitative measurement based on
the HRIES scale, focuses on the anthropomorphism of the
robot’s motion. Thesemeasures include sociability, animacy,
agency, and disturbance. We choose the HRIES because,
unlike the state of the art [74, 75], the authors in [64] devel-
oped the HRIES using different types of robots (not just
humanoids), making the scale generalizable to all types of
robots. Additionally, unlike other scales that validate the
questionnaire with static images [75], the authors in [64] val-
idate the scale by conducting tests with robots in motion (via
videos). Furthermore, the authors in [64] also conduct a test
with a real robot to further assess the validity of the scale.
Since, for conducting the real-world experiment, we use a
non-humanoid robot that navigates and shares the environ-
ment with humans, the aforementioned scale is particularly
well-suited for our case.

Building upon this explanation, further insight can be
gained by bridging the gap between quantitative and quali-
tative results. This can be achieved by analyzing the relation-
ship between objective measurements like AS and CPDwith
the subjective evaluation of perceived disturbance captured
by the HRIES scale.

Considering the AS, the ORCA algorithm has the highest
average speed value which turns out to be the one with the
highest perceived disturbance among the three algorithms,
although there is no statistical difference across the consid-
ered algorithms. This statistical indistinguishability between
the algorithms may be attributed to the limitations of the
robot’s velocity (0.5 m/s). While the ORCA algorithmmight
theoretically promote faster movements compared to other
algorithms, the robot’s hardware limitations restrict its max-
imum achievable velocity. This velocity may be insufficient
to elicit feelings of discomfort in human subjects which may
lead to the absence of an identification of a statistically sig-
nificant difference between the algorithms.

While the GTSFM exhibits a greater average CPD than
SFM, real-world experiments do not translate this objective
metric into a higher perceived comfort forGTSFMthanSFM.
This discrepancy can be explained by considering the differ-
ent contexts in which the measurements have been taken.
Quantitative measurements have been conducted in a simu-
lated environment, where pedestrians have exhibited rational
movements and have interacted with the robot as another
human in a shared space. In contrast, the real-world exper-
iment shows that despite the robot being programmed to
maintain a specific distance, participants tend to approach
closer than they would with a real person (maybe for curios-
ity reasons), thereby obscuring the distinctions between the
different algorithms

Another potential comparison between quantitative and
qualitative analyses can be made by correlating PR mea-

surements with the evaluation of animacy. This comparison
is justified becausewhen a robot exhibits smoothmovements,
it resembles the typical non-nervous motions of humans.
Thus, the robot is perceived as more human-like [67]. Unfor-
tunately, this comparison cannot be made since, after the
PCA, the animacy cannot be uniquely attributed to any of the
identified components, thus failing to be interpreted and dis-
cussed. We have encountered a similar challenge regarding
sociability, as we cannot unequivocally attribute a principal
component to this factor.

We have reason to believe that probably these two prob-
lems are caused by the robot’s appearance. Although the
questions are about the robot’s movement, it is impossible to
completely separate the robot’s movement from its appear-
ance. This makes the measures of animacy and sociability
unreliable for further discussion.

These findings are consistent with other studies in liter-
ature [33, 76], where the authors shows that the physical
appearance of a robot plays a significant role in shaping how
people perceive and interact with it. This highlights the impor-
tance of considering the appearance of a robot when devel-
oping a socially-aware robot algorithm. Moreover, in [77],
authors have investigated how the appearance andmovement
characteristics of a robot can influence people’s perceptions
of its animacy. The main result of the study in [77] is: when
the robot has a human-like appearance, humans perceive
naturalistic motion as more animate compared to mechan-
ical motion. This difference is not perceived when the robot
lacks human-like appearance. This finding aligns with our
results on animacy, where we observed quantitative differ-
ences between algorithms but no qualitative distinctions.

When interpreting the results of our study, we should also
acknowledge the limitations of the quantitative and qualita-
tive validation. Regarding the former, it has been conducted
in a simulated environment where humans have been not real
people but rather controlled by a human motion model. This
model has been used to simulate various human behaviors by
adjusting different parameters. However, this approach has
two limitations: first, it does not explicitly model the stochas-
tic nature of human behavior, even though this is implicitly
accounted through parameter tuning. Second, it is not pos-
sible to accurately assess real human-robot interaction, as
humans simply avoid the robot as another peer human in the
simulation.

On the other hand, one of the main limitations of the qual-
itative validation lies in the constrained movement speed
imposed upon the participants. This artificial restriction has
been necessary to ensure interaction with the robot, as its
maximum speed is 0.5 m/s. Furthermore, such restricted
speed of the robot may have limited the range of conditions
tested among the different experimental conditions and con-
sequently, the ability to comprehensively assess perceived
comfort in human subjects.
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The non-humanoid appearance of the robot and its rel-
atively small size likely have contributed to limitations
in measuring sociability and animacy. Moreover, during
the experiment, participants have not been engaged in a
peer-to-peer interaction with the robot, instead assuming
a leader-follower interaction. This phenomenon could be
attributed to the robot’s non-humanoid characteristics, such
as the absence of a face, two arms and a typical body struc-
ture. Additionally, the robot’s height of 63 cm, significantly
below the Italian average height of humans (1.68 m [78]),
contributes to an appearance reminiscent of a toy-like aes-
thetic. This lack of human-like features may have hindered
the development of a peer-to-peer rapport.

Throughout the experiment, participants consistently app-
roached the robot more closely than they did other humans.
This behavior may be attributed to either the participants’
natural curiosity or the perceived non-threatening nature of
the robot, possibly influenced by its small size.

Our work can be extended in several directions.
To make the quantitative analysis as realistic and precise

as possible, a real experiment should be created by placing
the robot in a real environment (such as a corridor in a hospital
or at university). In this way, wewould have real people inter-
actingwith the robot, rather than agents simulated bymodels.
In this ideal test, reliable data could also be collected about
human-robot interaction (as people would feel free without
the constraints and biases of laboratory experiments). This
approach would allow us to collect more realistic data than
our simulated data. Furthermore, this approach could help to
understand the type of interaction between humans and robot,
whether it is a peer-to-peer or leader-follower interaction.

Regarding the qualitative analysis, we believe that the
experiment protocol is reliable and the biggest limitations
were the limited robot’s speed and its appearance. There-
fore, we recommend repeating the experiment proposed in
this study, choosing a robot that has a speed comparable to
humans (1.4m/s [73]). In addition, the author in [33] showed
that in evaluating howhuman-like a robot appears, the robot’s
head and face receive considerable attention, since this body
part is crucial in human-human communication. Therefore,
we recommend a robot that has this body part. The choice
of the robot’s height is also essential [79]. For this reason, a
robot with a height very similar to humans (1.68 m) should
be chosen.

The main result of this study is that probably the choice
of the robot is essential to ensure an interaction as similar as
possible to that of humans to obtain statistically significant
results even at the level of motion measurement.
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