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Abstract. Recent work in socio-biological sciences have introduced sim-
ple heuristics that accurately explain the behavior of pedestrians nav-
igating in an environment while avoiding mutual collisions. We have
adapted and implemented such heuristics for distributed obstacle avoid-
ance in robot swarms, with the goal of obtaining human-like navigation
behaviors which would be perceived as friendly by humans sharing the
same spaces. In this context, we study the effects of using different sens-
ing modalities and robot types, and introduce robot’s emotional states,
which allows us to modulate system’s group behavior. Experimental re-
sults are provided for both real and simulated robots. The extensive
quantitative simulations show the macroscopic behavior of the system
in various scenarios, where we observe emergent collective behaviors –
some of which are similar to those observed in human crowds.

Key words: Dynamic obstacle avoidance, human-friendly navigation,
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1 Introduction

Which mechanisms do pedestrians use in order to navigate around moving ob-
stacles in a dynamic environment? Social anthropologists and researchers con-
cerned with simulating crowd behavior have proposed several different models
for explaining human obstacle avoidance behaviors. Among these, Moussaid et
al. [1] have recently proposed a simple heuristic (inspired by specific functions
of the human eye and the brain) which is able to accurately predict observed
trajectories, as well as macroscopic behaviors, observed in crowds – such as the
spontaneous formation of ordered lines of opposite flow in corridors.

We propose to adopt the same obstacle avoidance heuristic in robot swarms,
and present a working implementation on real robots and simulations. If robots
follow the same mobility criteria as pedestrians, their trajectories will be pre-
dictable and legible to humans sharing the same spaces. The resulting behaviors
would then be perceived as friendly and acceptable, ultimately enabling efficient
sharing of spaces among humans and robot swarms, which is the long-term goal
of our research.
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Unlike humans, which can be modeled as agents with practically homoge-
neous dynamic and sensing abilities, robots are characterized by a much larger
variability in terms of operational capabilities. For example, different kinds of
robots may move at quite different speeds, or may be able to sense other agents
based on different fields of view and accuracy. Given these core differences, in
which conditions can we still observe human-like macroscopic behaviors? Can
we introduce simple variations to the core heuristic to promote the emergence of
novel collective behaviors useful in typical swarm robotic scenarios? This paper
presents our first results in answering such questions by means of quantitative
simulations of large robot swarms. In turn, simulation results are validated with
an implementation of the same algorithms on real robots, the foot-bots [2].

The rest of the paper is organized as follows. Section 2 relates our work to
other obstacle-avoidance algorithms in robotics and to recent research in crowd
modeling. In Section 3 we briefly describe the core obstacle-avoidance heuristic,
first proposed in [1], then detail our implementation in robotics and describe
its parameters. Moreover, we discuss simple variations aimed at promoting new
meaningful behaviors in robot swarms, such as the autonomous, emotion-driven
formation of homogeneous groups of robots with similar attitudes and charac-
teristics. Section 4 shows the details of our implementation for real robots and
our simulation environment, which in used in Section 5 to run a number of
quantitative experiments considering different scenarios.

2 Related Work

The problem of dynamic obstacle avoidance is widely studied both in robotics
and social sciences. Our works builds upon results in both fields.

In robotics, the most common approach is based on the concept of velocity
obstacle [3], also known as collision cone or forbidden velocity map, meaning
the sets of velocities that will lead a robot to collision: choosing a velocity out-
side such set ensures that no collision will occur. Different variations of these
ideas have been presented to improve the prediction accuracy of other agents’
trajectories, to add recursion and account for sensing errors in a probabilistic
framework [4], and to ensure smooth trajectories by sharing the responsibility
to avoid a collision with other agents (reciprocal velocity obstacle [5]). Appli-
cations to very crowded scenarios also introduce asymmetries in the obstacle
velocity construction [6], requiring to enforce conventions to allow smooth and
deterministic interactions between agents. The velocity-obstacle model was also
successfully applied to explain certain characteristics of pedestrian behavior [7].

All the mentioned works basically build on a mechanicistic and artificial
approach to navigation, which is designed to ensure safety, and is adapted to
produce smooth trajectories. On the contrary, our work stems from a cognitive
heuristic [1] modeling human behavior – which produces paths with good effi-
ciency, smoothness, and legibility – to which we add some modifications to also
ensure safety (a primary objective in robotics). This paper represents the first
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implementation of this heuristic to robotics. Implementation-wise, such a heuris-
tic allows us to decouple the computation of speed and desired heading for the
navigating agent. This leads to a simpler implementation than velocity-obstacle
approaches, which requires a search over the two-dimensional velocity space.

Animals are able to visually control locomotion through optical flow [8],
which provides a direct estimation of the current time to contact τ with a mov-
ing obstacle. For instance, humans use optical flow to control the speed of walk-
ing [9] and to perceive upcoming collisions [10], both from internal and external
point of views, drivers use it to control braking (τ̇ strategy) and to adjust for
a safe distance from the preceding car [11]. This sensing information is fed into
a spatial-temporal integration and temporal prediction cognitive layer [12] for
collision prediction and, in general, is incorporated into higher level cognitive
processes. Through neuromodulation [13] internal brain states, like those related
to emotions, modulate the sensing and behavioral process. In robotics, this pro-
vides a framework to improve learning, flexibility, robustness and control the
emergence of cooperative behaviors [14, 15]. Following these observations, we
also include the use of emotional states as modulators of navigational behaviors.

Mutual avoidance and sharing of space in human groups has been extensively
studied in sociological research for the prediction of the behavior of crowds,
among other topics that have been considered. The original models are based on
the study of proxemics [16], which formalizes the concept of personal and social
space, where pedestrian behavior based on social forces [17] enforces people
to keep a minimum distance from neighbors whenever possible. Such modeling
approach was successfully used for crowd simulation and also inspired several
human tracking and avoidance models in robotics. The density dependence of
the speed of a flow of people along a street can be explained by the net-time
headway mechanism [18], according to which each pedestrian keeps a constant τ
time away from the surrounding pedestrians to avoid collisions and stops walking
if this would imply a low speed. Moussaid et al. [1, 19] recently incorporated this
rule in a new model of pedestrian navigation based on a simple heuristic, which
we build upon and extend it for use in robot swarms. Among other topics the
authors also addressed the bidirectional pedestrian flow scenario that is relevant
for virtual crowds simulation and for the study of emerging behaviors like lines
formation [20]. We also consider similar situations.

3 The Models for Human and Robot Navigation

We first discuss the heuristics explaining human behavior for obstacle-avoidance
as introduced by [1] (Section 3.1), then present our adaptation to robotics (Sec-
tion 3.2) and an extension for including artificial emotional states, which depend
on the presence of close by robots with similar attitudes and characteristics, and
is used to modulate group behavior (Section 3.3).
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3.1 Human Behavioral Model

Given a 2D reference frame F , a moving agent directed to a target point ~O is
characterized by an optimal (open space) moving speed vopt and a horizontal
field of view 2φ (in radians). In the reference frame F , ~x(t) and ~v(t) are agent’s
position and velocity vectors at time t, and α(t) is agent’s heading, (i.e., the
direction it is facing with respect to F ’s horizontal axis). We assume that agent’s
ground occupancy is approximated by a circle of known radius r.

To direct its movements, the agent makes use of a cognitive function
f(α), α ∈ [α(t) − φ, α(t) + φ], based on visual information, that maps each
heading α within its field of view to the distance that the agent can travel in α′s
direction before colliding with any visible obstacle when moving at speed vopt.
The distance is bounded by a maximum horizon H. With s(α) we denote the 2D
segment connecting ~x with the point at distance f(α) along the direction α (i.e.,
the point of first collision for heading α). When computing f(α), all obstacles
are assumed to keep their current heading and speed, thus moving according to
a uniform linear motion.

Fig. 1. Illustration of variables and functions for the human navigation model.

Given the above notations, the agent walking behavior can be explained by
the following simple heuristic rules.

First, the agent determines its desired heading αdes(t) as the direction allow-

ing the most direct path to destination point ~O, taking into account the presence
of obstacles:

αdes(t) = argminα d
(
s (α) , ~O

)
, (1)

where d(· · · ) denotes the minimal distance between a line segment and a point.
The desired velocity vector ~vdes(t) is then determined. Its direction is defined

by the heading αdes(t), and its modulus vdes(t) is set to allow stopping in a fixed
time τ1 within the free distance D(αdes) ∈ [0, H], currently perceived along
direction αdes:

vdes(t) = min

(
vopt,

D (αdes)

τ1

)
. (2)
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The actual velocity vector ~v(t) is continuously adjusted depending on ~vdes(t):

d~v

dt
=
~vdes(t)− ~v(t)

τ2
, (3)

where the fixed parameter τ2 represents the time constant characterizing the
exponential speed profile, which in practice modulates the smoothness of mo-
tion. From controlled laboratory experiments for pedestrians in normal walking
conditions it has been observed that τ1 = τ2 = 0.5 s [21].

Note that, since computing f(α) values involves a rough prediction of agent’s
and obstacles’ future trajectories, the resulting behavior is proactive in that it
attempts to avoid potential collisions well before they are expected to occur.

3.2 Implementation of the Model for Robotic Agents

The model described above results in smooth paths, which have shown to closely
match the characteristics of pedestrian motion in large-scale controlled experi-
ments, both for single trajectories and macroscopic crowd motion patterns [19].
Robots following the same rules, and with human-like sensing and locomotion
ability, are therefore expected to exhibit the same large-scale, macroscopic be-
haviors observed in human crowds. They would also exhibit behaviors which are
predictable (and thus acceptable) by humans sharing the same environment.

Unfortunately, the presented heuristic does not ensure collision-free behavior:
in fact, small collisions (e.g., shoulder to shoulder) among humans happen fre-
quently and contribute to shape the behavior of tightly-packed crowds. However,
collisions are not really acceptable in robotics. The problem is further aggravated
by inaccuracies in localizing other agents (especially when using low resolution
cameras, as typical in swarm systems). Therefore, we introduce a system param-
eter safety margin ms, defined by augmenting the radius of all obstacles, to be
accounted for during the computation of the f(α) function (in the experiments
we set ms = 0.1 m).

Through an experimental study we investigate the small-scale (Section 5.2)
and macroscopic (Sections 5.3 and 5.4) properties of the robot navigation algo-
rithm as described above. In the next section we discuss a specific enhancement
of the model which promotes the emergence of interesting macroscopic behaviors
in robot swarms, which is experimentally tested in Section 5.5.

3.3 Enhancements for Socially Active Robots

We consider the setting in which the robots in the swarm belong to different
classes. Such classes may represent different types of robots, possibly with dif-
ferent locomotion characteristics and navigation attitudes. However, even in a
swarm composed by physically homogeneous robots, different classes may rep-
resent other types of relations, such as different roles or responsibilities in the
swarm, or different levels of behavioral affinities among groups (e.g., elderly vs.
youngsters). In this context we investigate a bio-inspired approach for promoting
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the autonomous emergence of grouping behaviors among the robots in the same
class.

To each agent a we associate an internal, time-variant state wa ∈ R – an
adimensional quantity which we refer to as wellness. The wellness of an agent
represents its emotional state in relation to the navigation and the presence of
agents of the same or different groups. The perception of wellness modulates the
obstacle-avoidance behavior of an agents, and depends on how well, in terms of
class membership, the robot fits within its neighborhood. Let us define

θ(a, b) =

{
+1 if a and b belong to the same class
−1 otherwise

(4)

then, wa is computed as:

wa =
∑

b∈visible neighbors

θ(a, b) e−
d(a,b)

g , (5)

where d(a, b) denotes the distance between the agents a and b, and g defines the
spatial scale of the influence of the neighbors on the agent’s wellness.

An agent with a large wa value feels well and safe, since most of its closest
visible neighbors belong to its own class. On the contrary, agents whose closest
visible neighbors belong to a different class are associated to negative wellness
values. A lonely agent feels neutral (wa = 0). wa may alter different aspects of the
agent’s sensing and/or behavior as to mimic human brain neuromodulation [13].
In the following, we let wa modulate the agent’s optimal speed (vopt in Eq. (2))
such that a robot, when it does not feels safe, will tend to be more cautious and
move slower. In Eq. (2), we replace vopt with vopt −∆(wa). ∆(wa) is defined as
follows:

∆(wa) =


0 if wa ≥ 0 ,

∆max if − kwa > ∆max ,

−kwa otherwise ,

(6)

where ∆max ≥ 0 (measured in m/s) is a parameter bounding the maximum
effect of wellness on the optimal speed, and k ≥ 0 (also measured in m/s) is a
parameter controlling how much effect the agent’s wellness has on its own speed.

Section 5.5 shows that this modeling results in robots of the same class
clustering together, led by cautious group leaders.

4 Implementation on Real and Simulated Robots

The navigation algorithm described in Section 3 has been implemented on real
robots (the foot-bots) as well as in simulations.
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4.1 The foot-bot real robot platform

The foot-bot robot is a small mobile platform, directly derived from the marXbot [2],
specifically designed for swarm robotics [22]. The robot is 17 cm wide and 30 cm
tall, and is based on an on-board ARM-11 processor programmed in a Linux-
based operating environment. Differential-driven motorized tracks allow mobility
at speeds up to 0.3 m/s.

In the context of this work, foot-bots sense neighbors by means of a forward-
facing camera with a 2φ = 50◦ field of view and a down-sampled resolution of
128 × 92 px, which is used for localizing humans, navigation targets, and walls
at 25 frames-per-second.

Fig. 2. Six foot-bot robots implementing our algorithms, moving towards opposite
sides of a circle without collisions. Full video at http://bit.ly/WkJ0ld

Since our main focus is on navigation algorithms and not on sensing, we
use straightforward techniques for processing camera images: entities of interest,
(e.g., landmarks used to identify a destination point, or humans) are marked with
differently colored bands at a known height from the floor. Robots convert each
frame to the HSV color space, and segment pixels corresponding to each object.
After performing connected component analysis, this results in a set of binary
blobs. From the image coordinates of each blob’s centroid, the robot computes
distance and bearing of the corresponding entity by means of an homography
transform, which can be estimated in advance given that the camera parameters
and height of each entity are known. The velocity of humans is estimated by
finite differencing, after smoothing position readings with a moving average filter
defined over a period of 0.5 s. Note that the position of targets (i.e., destination
points) is sensed online through vision, and not given by an external observer or
a higher-level path planning algorithm.

Robot controllers operate on a 0.1 s timestep and are not synchronized with
each other. At each timestep, rules in Eq. (1) and (2) yield the desired values
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for heading (αdes) and speed (vdes), respectively. Both in simulation and in the
implementation on the foot-bots, we use a mobility model similar to Eq. (3) that
takes into account the robots constraints and independently controls the speed
of the two differential driven track wheels.

4.2 Robot simulation

We developed a custom simulator for the efficient and accurate simulation of
large foot-bot swarms. In the simulation experiments, the observed position and
speed of neighboring agents (i.e., the readings of simulated sensors) are arti-
ficially corrupted by random localization errors approximating the statistical
properties of errors observed in the real implementation. This means a precise
and uniform bearing resolution but large uncertainty in depth estimation, which
increases for objects farther away. More specifically, given an obstacle whose
ground truth relative position is expressed in robot-centered polar coordinates
as (ρ, θ), the observed position (ρ′, θ′) is given by (θ′ = θ + φe; ρ′ = ρ+ γρφe).
In the formulae, e ∼ N (0, σ) models the localization error in the normalized
image space, φ denotes the camera field of view, and γ is a constant depending
on the characteristics of the depth estimation approach. In the following, we set
σ = 1/128 (i.e., 1 pixel on a 128 × 96 sensor) and γ = 10. In both the real
and simulated robot implementations, velocity vectors are estimated by finite
differencing.

5 Experimental Results

In this section, we report the results of experiments aimed at studying the effect
of the proposed algorithm in terms of: (i) efficiency of individual trajectories (Sec-
tion 5.2), and (ii) emergence of macroscopic behavioral patterns (Sections 5.3, 5.4
and 5.5). These aspects are investigated in two different experimental settings,
denoted as cross and periodic corridor, respectively.

In the cross setting, we consider four target destinations at the vertices of a
square with an edge of 4 m. N robots are divided in two equally-sized groups:
robots of each group travel back and forth between two opposite vertices, thus
creating a busy crossroad in the middle (see Figure 3). In this setting, we use
infrared range and bearing sensors for robot-robot detection both in real robot
implementation and in simulation. In the periodic corridor setting, N = 60
robots travel along a straight corridor with a given width wC and fixed length
lC = 16m, whose opposite ends “wrap around” as if the corridor was the lat-
eral surface of a cylinder. This setting is often considered in the crowd analysis
literature, and allows us to observe emerging macroscopic behaviors.

For each experiment we study the effects of one or two parameters. For each
setting of the parameters we perform 100 simulation runs (replicas), each lasting
360 s of simulated time. For each run, robots are positioned in randomly chosen
initial locations.
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5.1 Performance Metrics

We define several metrics, for quantifying the quality of individual trajectories
(relative throughput and path irregularity), and for observing the emergence of
macroscopic behaviors in the periodic corridor scenario (line order, group order,
and number of clusters).

Trajectory quality metrics

Relative throughput is defined as the number of targets that a robot has reached
during the simulation, expressed as a fraction of the number of targets that the
robot could reach if traveling along straight paths and ignoring collisions (which
is an ideal upper bound for throughput). The measure is adimensional and is
averaged over all the robots in the simulation.

Path irregularity is defined as the amount of unnecessary turning per unit path
length performed by a robot, where unnecessary turning corresponds to the total
amount of robot rotation minus the minimum amount of rotation which would
be needed to reach the same targets with the most direct path. Path irregularity
is measured in rad/m, and is averaged over all the robots in the simulation.

Macroscopic order metrics
For the periodic corridor scenario, following [1], we extend the approach in [23]

and define three macroscopic order metrics quantifying interesting characteristics
of the agents’ spatial configuration at a given moment in time.

Let L denote the set of all longitudinal corridor bands with width ∆L and
spanning the entire length of the corridor. Let L(x) = [x, x + ∆L] × [0, lC ] ∈ L
denote one specific band. Similarly, let T denote the set of all transversal corridor
bands with length∆T , and let T (y) = [0, wC ]×[y, y+∆T ] ∈ T denote one specific
band.

Let nk(B) be the number of agents of class k whose center lies inside a
transversal or longitudinal band B ∈ L ∪ T . In the 2-class case, the Yamori’s
band index Y (B) [23] measures the prevalence of any class in B, and is defined
as:

Y (B) =
|n1(B)− n2(B)|
n1(B) + n2(B)

Line order: the line order OL is defined as the average Yamori index of longitu-
dinal bands of width ∆L = 0.3 m over L, and measures how agents of the same
class tend to position themselves along ordered longitudinal lines. OL is bounded
between 0 (random configuration) and 1 (representing perfect organization of the
swarm classes in longitudinal lines).

OL = 〈Y (B)〉B∈L
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Group order: the group order OG is defined as the average Yamori index of
transversal bands of length ∆T = 0.6 m over T , and quantifies how agents of
the same class tend to group themselves in compact clusters. 0 ≤ OG ≤ 1, with
OG = 1 meaning perfect organization of the swarm classes in clusters.

OG = 〈Y (B)〉B∈T

Number of clusters: the number of clusters NG is computed as follows. Let
{T1, T2} denote a pair of adjacent transversal bands of length ∆T = 0.6 m. NG
is defined as the number of such pairs where the majority class in T1 differs from
the majority class in T2.

5.2 Algorithm Scalability and Trajectory Efficiency

Fig. 3. Experimental results (left) for scalability in the cross scenario (pictured on the
right). Large filled markers correspond to results measured on real robots. Blue thick
line with round markers denotes relative throughput. Green thin line with diamond
markers shows path irregularity. Dashed lines delimit ± standard deviation over 100
randomly initialized replicas. In this experiment, both real and simulated robots use
360◦ range-and-bearing sensing, H = 3 m, ms = 10 cm.

Within scenario cross, we initially verify the scalability of the algorithm ver-
sus an increasing number of agents, and validate simulation results by compar-
ison with the performance measured on foot-bot robots. Results are reported
in Figure 3. We can observe that the results obtained with real robots in the
same conditions closely match simulations. As the swarm size grows, relative
throughput decreases and path irregularity increases, because robots must fol-
low longer and more curvy trajectories in order to avoid collisions. Performance
scales well, since, even in very dense scenarios, paths remain efficient, smooth,
and predictable.

In the real robot implementation, despite the severe hardware limitations, the
navigation controller requires invariably less than 20 ms of computation time per
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timestep. In simulation, we also tested robustness to timesteps longer than 0.1 s,
and found that in all considered scenarios, performance begins to degrade only
when the timestep exceeds 0.4 s.

5.3 Formation of Ordered Lines of Opposite Flow

Fig. 4. Formation of flow lines when the corridor is shared by 60 robots traveling
in different directions (30 dark blue: to the left; 30 bright yellow: to the right). a○,
b○, c○: configuration at t = {0, 30, 100} s. d○: line order (color value) as function of
time (x axis) and corridor width (y axis), for robot speed vopt = 0.3 m/s. Datapoints
corresponding to configurations a,b,c are marked. e○: line order at t = 120 s, as function
of vopt (x axis) and corridor width (y axis).

For the remaining experiments, we consider the periodic corridor scenario.We
observe that robots traveling in opposite directions, just like pedestrians, tend
to form stable ordered lines of flow from initial random settings. This macro-
scopic collective behavior results in increased efficiency, since agents can follow
more direct trajectories. In Figure 4 we illustrate this process, and show that
there is a critical corridor width below which robots are too dense to reach an
ordered formation. Such critical density is also influenced by robot parameters.
Figure 4 e○ shows that the critical width depends on the value of vopt: faster
robots need larger maneuvering spaces, and therefore require a larger corridor
for reaching an ordered configuration.

5.4 Effects of Sensing On Line Order

In Figure 5 we study how the sensing methodology used for localizing neighbors
affects swarm’s macroscopic behaviors. Unlike humans, which exhibit very little
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Fig. 5. 30 slow (dark blue) and 30 fast (bright yellow) robots sharing the corridor
(wc=2 m) traveling in the same direction (right), for different values of the half-field of
view φ of slow robots. a○, b○: configuration at t = 300 s, for φ = 1 rad and φ = π rad,
respectively. c○: line order at t = 300 s as a function of φ. Dashed lines represent ±1
standard deviations over 100 replicas.

variations in their ability to sense the environment, different types of robots may
feature very different sensing subsystems. We consider the case in which two
types of robots – fast and slow – move along the corridor in the same direction,
with different speeds, equal to 0.1 m/s and 0.3 m/s. We study how the field of
view φ of the slow robots affects the ability to reach an ordered configuration.

With low φ values, slow robots cannot perceive and react to fast robots
approaching behind them. In contrast, fast robots frequently need to steer around
slow ones. As a consequence, fast robots tend to form ordered but zigzagging
line-like structures, whereas slower robots remain scattered because they rarely
need to navigate around obstacles.

On the contrary, when slow robots are able to perceive neighbors in a large
field of view (e.g., by using omnidirectional cameras or additional back-pointing
sensors), both robot types reach a well-ordered configuration. In fact, slow robots
are now able to anticipate that they are being overtaken, and steer accordingly.
This enables the formation of flow lines for both groups, therefore resulting in a
very efficient configuration.

5.5 Emergence of Homogeneous Groups with Socially Active Robots

Figure 6 illustrates how the socially-active, emotion-driven behavior model de-
scribed in Section 3.3 leads to the emergence of collective grouping behaviors.
Two classes of robots are considered. They are identical in terms of mobility and
travel along the corridor in the same direction. After a short time, the robots
cluster in a limited number of class-homogeneous groups, led by cautions agents
with low wellness values: such agents only perceive neighbors of a different class.

We study how group order improves with time while robots cluster in fewer,
larger groups. When the wellness-induced speed modulation k is large, robots
quickly reach an ordered setting, whereas they require a much longer time for
small k. We also show how the g parameter, which defines the influence radius
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Fig. 6. Two classes of 30 robots (with wellness-controlled speed) sharing the corridor
(width wC = 2 m), traveling in the same direction (right). a○, b○, c○: configuration
at t = {0, 40, 120} s, with g = 2 m, k = 0.2 m; robot colors are mapped to their
wellness value wa (dark red: low; bright green: high); note formation of groups led by
cautious robots with low wa. d○: group order (thick blue line) and number of clusters
(thin green line) against time (x axis). e○: group order (color value) against time (x
axis) and value of speed modulation strength k (y axis), with g = 2 m. f○: number of
clusters in the same context. g○: group order (color value) against g (x axis) and k (y
axis) at t = 120 s. h○: number of clusters in the same context.

of neighbors on an agent’s wellness, has little effect on the speed of the pro-
cess, but it affects the number (and size) of the resulting groups. In particular,
when g is large, robots tend to cluster in a few, large groups. Otherwise, stable
configurations with several small groups emerge.
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6 Conclusions

We introduced a novel obstacle avoidance algorithm for robot swarms based
on a heuristic that closely models the behavior of human pedestrians. We have
presented an implementation on real robots as well as on a simulator capable to
handle several different scenarios of interest. We studied the characteristics and
the efficiency of the obtained navigation trajectories in a number of extensive
simulation tests (validated by real robot tests).

We observed that robot swarms implementing our algorithm exhibit several
macroscopic behaviors which can also be observed in human crowds, such as
the formation of ordered lines of flow in corridors. We investigated how different
environment properties or algorithm parameters affect such emergent behaviors,
and introduced a simple neuro-modulation/emotional model which promotes the
emergence of new behaviors, such as the ability to form groups in heterogeneous
swarms.

We are currently advancing the implementation on real robots in order to
test the system in scenarios in which the space is shared between humans and
robots, and/or among robots with very different mobility characteristics. More-
over, we are running simulations comparing our approach with state-of-the art
obstacle avoidance algorithms. In addition, we are designing experiments for
quantitatively evaluating our main objective, i.e. the predictability and perceived
friendliness of robots’ trajectories by humans.
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