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Abstract— Human-aware navigation is a complex task for
mobile robots, requiring an autonomous navigation system
capable of achieving efficient path planning together with
socially compliant behaviors. Social planners usually add costs
or constraints to the objective function, leading to intricate
tuning processes or tailoring the solution to the specific social
scenario. Machine Learning can enhance planners’ versatility
and help them learn complex social behaviors from data. This
work proposes an adaptive social planner, using a Deep Rein-
forcement Learning agent to dynamically adjust the weighting
parameters of the cost function used to evaluate trajectories.
The resulting planner combines the robustness of the classic
Dynamic Window Approach, integrated with a social cost based
on the Social Force Model, and the flexibility of learning
methods to boost the overall performance on social navigation
tasks. Our extensive experimentation on different environments
demonstrates the general advantage of the proposed method
over static cost planners.

I. INTRODUCTION

In recent years, service robots have emerged as a promis-
ing automation solution in various social contexts, ranging
from domestic assistance [1], [2] to health-care [3]. These
advancements have opened up new avenues for robotics re-
search, particularly in human-aware navigation. The robotics
community has proposed different benchmarks to evaluate
the existing social navigation algorithms [4], [5].

However, social navigation is a complex problem that
poses contrasting objectives and is often difficult to formulate
with an analytical expression, as is usually done in classic
navigation cost functions. This complexity arises from the
intricate dynamics of human behavior and the multitude
of social rules not considered in standard path planning.
Different social navigation scenarios have been partially
categorized in the literature to build consistent research and
benchmarks [6], [7], highlighting unique challenges in each
situation. Standard social planners struggle to perform prop-
erly in all of them, considering that environmental geometry
and features are crucial in constraining navigation in clut-
tered, narrow passages or wide open spaces. Therefore, the
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Fig. 1: The Social Force Window (SFW) Planner com-
bines standard Dynamic Window Approach and Social Force
Model. The trajectory scoring process is optimized by a DRL
agent that dynamically adjust the cost weights based on local
environmental conditions.

diversity and unpredictability of social scenarios necessitate
a more flexible and adaptive approach.

In this context, Machine Learning (ML) techniques rep-
resent a potential solution to this problem. ML models can
leverage data to learn behaviors that enhance mobile robots’
adaptability to new situations[8] without being explicitly pro-
grammed for a specific task. Among existing ML paradigms,
Deep Reinforcement Learning (DRL) is particularly suited
for learning behavioral policies and, hence, for navigation
[9]. Recent studies tried to address the challenges posed by
human-aware navigation with DRL [10], as better discussed
in Section II. On the other hand, end-to-end learning ap-
proaches may often present less robust performance and poor
generalization to unseen testing conditions. The authors in
[11] have proposed a precious comparison between end-to-
end and parameter-learning approaches, highlighting the im-
proved performance of hybrid solutions combining standard
controllers and learning.

This work proposes an adaptive parameter-learning ap-
proach for social navigation. A social controller is de-
signed by adding a social cost to the Dynamic Window
Approach (DWA). This cost is computed considering the
robot-pedestrian interaction according to the Social Force
Model (SFM) [12], [13]. The proposed solution leverages
the advantage of a DRL agent to dynamically adapt the
cost weights of the human-aware local planner to different
social scenarios. . From a general perspective, this research
aims to enhance the performance and versatility of service
mobile robots in general social contexts. The contribution
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Fig. 2: Workflow of the main step performed by the proposed adaptive Social Force Window (SFW-SAC) Planner with
DRL. The policy network learns to set the weights of the social cost used by the DWA for each situation.

of this paper can be summarized in (i) a social-aware local
planner based on SFM, used as a baseline solution, that
we refer to as Social Force Window (SFW) planner; (ii) an
adaptive cost optimization of the SFW planner with a DRL
agent, managing the cost terms dynamically according to the
context.

II. RELATED WORK

This section presents and discusses the landscape of exist-
ing adaptive navigation solutions for general and social sce-
narios, pointing out Deep learning-driven methods. Diverse
end-to-end learning approaches [10], [14] have been directly
applied to navigation control. Deep Learning can also select
the most suitable social navigation strategy according to the
context, as done in [15], which provides the robot with
adaptive behavior.

Inverse Reinforcement Learning (IRL) inspired a family of
recent works. It is used by [16] to learn diverse cost functions
according to the social navigation scenarios. Similarly, the
RTIRL [17] and PRTIRL [18] use IRL to adjust the param-
eters of an RRT™ local path planner treated as a black box.

Hybrid solutions between classic controllers and learn-
ing methods have been proposed to boost the robustness
of autonomous agents. A DRL approach is employed in
[19] to evaluate the projected trajectories of the classical
Dynamic Windows Approach local planner (DWA), learning
a reward function for navigating in dynamic environments.
The parameter-learning presented in the family of APPL ap-
proaches (Adaptive Planner Parameter Learning) [20] results
in a promising direction to convey robustness and versatility
in a unique solution [11]. APPL aims to learn a parameter
management policy that can dynamically adjust the hyper-
parameters of classical navigation algorithms according to
the environment geometry. The authors proposed different
ML techniques, including RL [21]. However, the adaptive
parameter approach is applied only in static environments.

Finally, an adaptive DWA implementation has been pro-
posed in [22], dynamically changing the basic cost terms
of the algorithm with a Q-table approach. Our work is
an improvement and extension of these studies: we frame
the adaptive control method in a social navigation problem,

adopting a DRL agent working with continuous action space.

III. METHODOLOGY
A. Social Force Window Planner

The Dynamic Window Approach (DWA) is an extremely
popular local path planning method in mobile robotics [23].
DWA generates velocity commands that comply with the
robot’s kinematics constraints. The search space is, therefore,
restricted to velocities that can be reached quickly and avoid
collisions with obstacles. The classic objective function used
to evaluate the trajectories comprises three terms associated
with the goal, the velocity, and the obstacles.

A human-aware local planner has been proposed, adding
a social cost to the classic DWA trajectory scoring function.
For the social cost, a ”social work™ quantity is adopted by
using the Social Force Model (SFM) of interaction between a
crowd of agents proposed by [12], [24], [13]. A social work
Cs is computed at each time step for the robot according to
the following expression:

Co=Wr+ Y Wy )

where W, is the sum of the modulus of the robot social
force (F'p) and the robot obstacle force (Fp) along the
trajectory according to the SFM, while W, is the sum of the
modulus of the social forces generated by the robot for each
pedestrian 7 along the trajectory. A schematic representation
of forces acting on the robot is shown in Figure 1. The
goal produces an attractive force while the obstacles and
pedestrians generates different repulsive forces.

The overall cost function for trajectory scoring can be
formulated as:

J:Cs'ws+co'wo+cv'wv+cd'wd+0h'wh 2

where we have a single cost term for social navigation Cj,
obstacles in the costmap C,, robot velocity C, distance Cy
and heading C', from a local waypoint on a given global path.
The costs are combined using weights w that regulate the
impact of each term in the velocity command selection. We
refer to this advanced social version of the DWA as a Social
Force Window (SFW) planner which is publicly available in
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Github'. This local planner aims to generate safe, efficient,
and human-aware paths. However, finding an optimal trade-
off between all those desired aspects in every environmental
context is not easy. Hence, we tackle the challenge by using
a Reinforcement Learning approach to dynamically handle
the weights of the costs.

B. Deep Reinforcement Learning framework

A typical Reinforcement Learning (RL) framework can be
formulated as a Markov Decision Process (MDP) described
by the tuple (S,.A,P, R,~). An agent starts its interaction
with the environment in an initial state sg, drawn from a pre-
fixed distribution p(sg) and then cyclically selects an action
ay € A from a generic state s € S to move into a new state
st+1 with the transition probability P(s¢11|st, at), receiving
a reward r; = R(s, at).

In RL, a parametric policy 7y describes the agent behavior.
In the context of autonomous navigation, we usually model
the MDP with an episodic structure with maximum time
steps 1. Hence, the agent’s policy is trained to maximize
the cumulative expected reward K, . ZtT:O ~tr; over each
episode, where v € [0,1) is the discount factor. More
in detail, we aim at obtaining the optimal policy 75 with
parameters 6 through the maximization of the discounted
term:

T
7y = argmaxE. Z Y re + aH(m(+|s¢))] 3)
T t=0

where H(m(:|s;)) is the entropy term, which increases ro-
bustness to noise through exploration, and « is the tempera-
ture parameter which regulates the trade-off between reward
optimization and policy stochasticity.

In this work, a parameter-learning approach has been
adopted to develop an adaptive social navigation system. The
DRL agent learns a policy to dynamically set the weights of
the cost function that governs the robot’s control algorithm.
In particular, a Soft Actor-Critic (SAC)[25] off-policy algo-
rithm has been used to train the agent in simulation.

C. SFM Adaptive Cost Approach

The key idea of the proposed method lies in learning an
optimal policy to dynamically set the weights of each objec-
tive function term used by the SFM local planner to score
the simulated circular trajectories and select the next velocity
command (v, w). A DRL agent is trained to learn such policy
given the local features of the surrounding environment
and induce the local planner to choose optimal velocity
commands. DRL is considered a competitive approach to
tackle this complex task since it is not straightforward for
a human to find an optimal trade-off between all the cost
terms of a social controller in each situation. On the other
hand, the overall methodology represents a robust hybrid
solution that efficiently integrates the flexibility of the DRL
agent policy with the reliability of a classical navigation

"https://github.com/robotics—upo/social_force_
window_planner

algorithm. Moreover, the agent allows the planner to extend
its adaptability to different social scenarios by learning the
map between task-related and perception data to suitable
cost weights. Figure 2 shows the main working steps of the
proposed methodology.

D. Reward function

Reward shaping is a fundamental and controversial prac-
tice in model-free RL. A specific reward function, similar to
the cost function of the SFW planner, has been designed to
let the agent learn an optimal cost weights regulation policy
among all the desired components of the overall navigation
behavior.

Goal distance First, a distance advancement reward term is
defined to encourage the approach of the next local goal on
the global path, always placed at 2m from the robot’s actual
pose:

rg=di_1 —d; 4

where d;_1 and d; are Euclidean distances between the robot
and the local goal. Local goal and final goal coincide in the
final section of the trajectory.

Path alignment Then, we define a reward contribution 7,
to keep the robot oriented towards the next local goal:

rh<12 ¢> (5)

™
where ¢ is the heading angle of the robot, namely the angle
between its linear velocity and local goal on the global path.
Robot velocity A velocity reward is defined to promote
faster motion when allowed by the environment:

v —

Ty = ____“maz (6)
Umax

Obstacle avoidance An obstacle reward is included to en-

courage safe trajectory scoring and avoid collisions:

do,min - lida'rmax

)

o= lidar,qz

where d, ,.in is the lowest distance measured by the LiDAR
ranges at the current time step and l¢dar,, 4, is the saturation
distance of LiDAR points, which is set to 3m to perceive
only local environmental features.

Social penalty The main reward contribution has been as-
signed to provide the agent with a socially compliant navi-
gation policy. In particular, two different social terms have
been considered: proxemics-based reward and social work.
The proxemics term penalizes the robot when intruding into
the personal space of a person:

rp= ®)
D, MM

where dy, yip is the minimum person distance from the robot.
The social work generated by robot and people interaction
according to the Social Force Model has been used as reward
Ts, as done in the cost of the SFW planner.
We also include a reward contribution for end-of-episode
states, assigning . = —400 if a collision occurs. The final
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reward signal is finally obtained linearly, combining the
described terms. More in detail, ¢y = 10.0, ¢;, = 0.4, ¢, =
2.0, ¢, = 2.0 and ¢, = 2.5 are the numerical coefficients
chosen to balance the diverse reward contributions in the
final signal.
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Fig. 3: Schematic of the policy network architecture. State
composition is illustrated with separate inputs: goal distance
and angle, previous cost weights, people position and veloc-
ity, and LiDAR ranges. The new cost weights are predicted
as output action of the policy network.
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E. Policy Neural Network and Training Design

We define the parametrized agent policy with a deep
neural network. We train the agent with the Soft Actor-
Critic (SAC) algorithm presented in [25], which allows for a
continuous action space and a fast convergence. In particular,
we instantiate a stochastic Gaussian policy for the actor and
two Q-networks for the critics. The neural network archi-
tecture of the agent, represented in Figure 3, is composed
of two dense layers of 256 neurons each. A random initial
exploration phase has been performed. Random actions are
then sampled with a probability that is exponentially reduced
with the increase of episodes to maintain a proper rate of
exploration during the whole training. Moreover, SAC uses
a stochastic Gaussian policy that outputs the mean and the
standard deviation of each action distribution, which are used
to sample the action value at the training phase. Differently,
the mean value of actions’ distribution is directly used at test
time. The critic networks’ structure presents no differences,
except they include the predicted action vector in the inputs
and predict the () values.

1) State definition: The information included in the
input state of the policy network has been selected to be a
synthetic but complete description of the main environmental
and task-specific aspects. The state s; has been, therefore
designed as the ensemble of:

o Goal information: [goalangie, g0aldistance] With respect
to the robot expressed in polar coordinate.

x [m]

-75 =50 =25 0.0 2.5 5.0 7.5
y [m]

y [m]

X [m]

Fig. 4: Gazebo simulation environments where the agent
has been trained (top) and tested (top and bottom). People
trajectories are indicated with dotted lines, robot starting
poses with a circle, goals with a cross and the associated
episode’s number.

o The set of cost weights predicted at the previous time
step, [Wa, Wh, Wy, We, Ws|t—1 to provide information
about the actual state of the SFW costs used for tra-
jectory scoring.

o People position and velocity information is embed-
ded in the state for the closest K = 4 people
to the robot. Position is computed in polar coordi-
nates [persongngie, PET SONgjstance], While velocity with
module and orientation, both expressed in the robot
frame. People are perceived at a maximum distance of
5m, and if people are detected to be less than K = 4,
padding at the maximum distance is used to fill the
empty input features and guarantee a constant input
dimension.

e« A set of 36 LiDAR 2D points saturated at 3m to
provide the agent with the necessary awareness of local
environmental geometry and spaces and the presence of
obstacles.

2) Output actions: The policy network predicts an action

ar = [wg, wp,w,, w,, ws| at each time step, directly rep-
resenting the new set of cost weights for the Social Force
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Window local planner. The weights are chosen in the interval
of values [0.1,5.0], and they are set with a frequency of
2H z, which has been considered a proper choice for a robot
moving at a maximum translational velocity of V4., =
0.6[m/s] in dynamic social scenarios.

IV. EXPERIMENTS AND RESULTS
A. Experimental settings

The adaptive social navigation system has been trained
and tested in Gazebo simulation in diverse scenarios. The
HuNavSim plugin [5] has been adopted to instantiate people
moving according to the SFM with customized trajectories
and behaviors; HuNavSim has also been used to collect
the metrics of interest for the evaluation of the algorithms.
Differently, the PIC4rl-gym [26] has been used as ROS 2
framework for DRL agent training and testing. Figure 4
shows the environments realized to carry out challenging ex-
periments categorized in different social challenges. The first
Gazebo world is used for both training and testing. A wide
set of diverse episodes is defined for training the agent in
various conditions involving pedestrians passing, overtaking,
and crossing tasks in narrow and open spaces. The agent has
also been partially tested in the same world, changing the
starting pose of the robot and its goals, indicated in Figure
4, scenarios [1 — 6]. Diversely, testing episodes [7 — 12]
have been performed in a separate different world to evaluate
the system in diverse scenarios, always considering crossing,
passing, overtaking, and mixed miscellaneous tasks.

For general and reproducible experimentation, we set a
basic pedestrian behavior that considers the robot an obstacle.
A global path is computed once at the beginning of each
episode with the standard grid-based search planner of the
Nav2 framework. The main controller parameters of the SFW
algorithm are the ones of the classic DWA. Besides the
kinematics limits of the robots, the waypoint position and
the trajectory simulation time are important factors for a
social controller, regulating the alignment to the global path
and the predicting horizon. Controller parameters and cost
weight values used for the experimentation are reported in
Table I. The static cost weights used are the results of the
fine-tuning process carried out by a human expert. We use
the same implementation of the SFW planner for the DWA
baseline, setting the social cost to zero value.

TABLE I: Controller parameters. On the left the kinematic
and classic DWA parameters, on the right the cost function
weights used by the SFW controller and modified by the
SFW-SAC in the range reported. The DWA uses the same
cost weights except for the social term.

DWA parameter  Value \ Cost weight SFW  SFW-SAC
max linear vel 0.6 [m/s] social weight 2.0 [0.5 - 3.0]
min linear vel 0.08 [m/s] | costmap weight 2.0 [0.5 - 3.0]
max angular vel 1.5 [rad/s] | velocity weight 0.8 [0.1 - 1.0]
waypoint tol 2.0 [m] angle weight 0.6 [0.1 - 1.0]
sim time 2.5 [s] distance weight 1.0 [0.1 - 1.5]

TABLE II: Results obtained testing the adaptive controller
SFW-SAC on different environments. We report average
metric results over 10 runs, comparing the agent with DWA
and SFW baselines.

Env  Method Success%  Time [s] PL [m] wvgug [m/s]  SWitep
DWA 100.00 11.65 5.68 0.49 0.03
1 SFW 100.00 12.48 6.04 0.49 0.04
SFW-SAC 100.00 12.21 591 0.48 0.05
DWA 20.00 12.32 6.21 0.50 0.17
2 SFW 70.00 20.43 6.42 0.31 0.11
SFW-SAC 100.00 13.08 6.36 0.49 0.22
DWA 0.0 - - - -
3 SFW 0.0 - - - -
SFW-SAC 70.00 23.26 11.29 0.48 0.12
DWA 20.00 21.71 12.21 0.56 0.25
4 SFW 60.00 37.91 12.65 0.38 0.16
SFW-SAC 70.00 26.20 12.60 0.48 0.20
DWA 50.00 19.53 9.47 0.49 0.28
5 SFW 60.00 29.34 9.54 0.34 0.34
SFW-SAC 70.00 33.28 9.47 0.30 0.24
DWA 50.00 19.57 8.87 0.46 0.26
6 SFW 40.00 44.24 10.75 0.25 0.16
SFW-SAC 90.00 23.60 8.75 0.37 0.18
DWA 0.0 - - - -
7 SFW 90.00 19.83 6.38 0.32 0.08
SFW-SAC 100.00 16.59 6.25 0.39 0.11
DWA 90.00 10.35 5.21 0.50 0.10
8 SFW 100.00 15.64 5.95 0.35 0.13
SFW-SAC 100.00 12.32 5.42 0.44 0.16
DWA 80.00 15.75 8.32 0.53 0.14
9 SFW 100.00 19.77 8.84 0.45 0.12
SFW-SAC 100.00 18.62 8.98 0.48 0.12
DWA 0.0 - - - -
10 SFW 70.00 31.96 8.91 0.29 0.13
SFW-SAC 90.00 32.84 9.99 0.29 0.14
DWA 50.00 15.45 6.98 0.45 0.29
11 SFwW 80.00 48.58 8.37 0.19 0.16
SFW-SAC 80.00 30.60 7.72 0.27 0.17
DWA 90.00 13.98 6.09 0.43 0.21
12 SFW 40.00 53.04 6.48 0.14 0.16
SFW-SAC 90.00 32.01 6.29 0.24 0.20
DWA 58.57 15.84 8.00 0.50 0.17
Avg  SFW 76.67 25.73 8.39 0.35 0.14
SFW-SAC 89.00 21.20 8.50 0.42 0.15
B. Results

In this section, we describe the metrics chosen to evaluate

the proposed social navigation system, and we discuss the
obtained results. Considering the difficulty of strictly judging
the performance of a social navigation algorithm without
adopting human rating, the adaptive social planner SFW-
SAC has been analyzed from different perspectives. First, we
compared it to the baselines DWA and Social Force Window
Planner (SFW) with static costs using relevant quantitative
metrics.
Quantitative evaluation Standard navigation metrics such
as clearance time [s]|, path length (PL) [m] and average
linear velocity wgyug[m/s] are employed to evaluate the
effectiveness of the planner from a classic perspective. On
the other hand, the social work (SW) metric is included
in the quantitative results to show the social impact of the
navigation, measuring the social forces generated by the
robot and on the robot by pedestrians during its motion. The
social work has been taken into account as the average value
SWitep over the number of trajectory steps to consider the
duration of the episode, and avoiding metrics biases caused
by a fast execution of the navigation task.
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Fig. 5: Trajectory plots of Env 2, 3, 10 comparing DWA,
SFW and the proposed SFW-SAC adaptive planner with
DRL. Goals are represented with green circles, the robot with
a red rectangle and people with blue ellipses. Transparency
and indexes 1,2,3 represent temporal evolution of the motion
of both robot and people.

A thorough inspection of the performance is presented,
reporting both resulting metrics in Table II. Results show
that the DRL method enables the planner to overcome the
baseline performance in multiple environments. The basic
DWA fails to complete the navigation task in a high percent-
age of scenarios, colliding with obstacles or pedestrians. On
the other hand, the SFW baseline demonstrates an improved
ability to handle social navigation tasks. Even though the
cost weights combination found by a human offers safe
behavior in most situations, it still presents some limitations.
For example, in cluttered scenarios, SFW can be hindered
by high social costs, which can cause the algorithm to get
stuck. Diversely, the SFW-SAC proposes a more general
performance, finding a better trade-off of costs in different
situations. This advantage is proved by the higher success
rate obtained in almost all the environments, sometimes
being the unique solution able to complete it (Env 3). A
more detailed analysis of results tells us that SFW-SAC

often finds a compromise performance between the more
aggressive DWA and the SFW with high static social cost
values. This trend can be noticed by looking at the time,
path length, and average velocity results. On average, the
adaptive planner generally chooses higher velocities than
the SFW but lower than the DWA. Social work embeds all
the navigation effects on humans, considering distances, ap-
proaching velocities, and time spent close to people. Thus, it
often presents alternating results that are difficult to interpret
without a visual inspection of the navigation. Indeed, DWA
often reduces the duration of the episode thanks to abrupt
motion and brief transitions close to people that can lead
to a collision with a high risk. The SWj,p, relating the
social impact to the duration of the task, shows more clearly
the socially compliance of SFW and SFW-SAC compared
to DWA. The agent-based solution is often able to mitigate
the social work improving or remaining comparable with
the SFW, without compromising the success rate or strongly
violating social rules.

Proxemics According to this, the human awareness of navi-
gation is also measured through the level of intrusion of prox-
emics spaces of people. Figure 6 illustrates the percentage
of time spent by the robot in the intimate, personal, social,
and public space of people in each testing episode. It can be
noticed that even though the SFW-SAC planner develops a
more risky navigation policy, it can keep people’s distances
respected and comparable with the SFW baseline. It should
be noted that the proxemics results reported should be paired
with the success rate of the algorithms on each episode
for a clear perspective. DWA often computes aggressive
trajectories that do not take humans into account, although
the temporal intrusion of social spaces is sometimes limited
to short time intervals.

Trajectory visual comparison Resulting trajectories of
some relevant scenarios where the proposed adaptive
SFW-SAC show significant improvements and interesting
differences, i.e., Environments [2,3,10], are plotted in
Figure 5 for a better understanding of the performance of
the algorithms. In Env. 2, only the SFW-SAC can properly
perform the overtaking, passing to the left of the person,
while the other algorithms cross the person’s path. In Env.
3, DWA and SFW are not able to handle the presence of a
static person on the path and collide; the agent learns how
to deviate the motion from the path and avoid the person.
In Env. 10, a narrow curved passage with people passing is
successfully handled by the SFW and the SFW-SAC, with
a smoother trajectory.

V. CONCLUSIONS AND FUTURE WORK

In this work, an adaptive social planner is proposed,
combining a social DWA approach with a Deep Reinforce-
ment Learning agent. The agent boosts the performance and
versatility of social navigation, learning how to adapt the
controller’s cost terms weights to environmental context-
specific conditions. The results obtained show an improve-
ment in both success rate and navigation metrics, balancing
the trade-off between standard navigation effectiveness and
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Fig. 6: Average temporal percentage of pedestrians space intrusion according to the proxemics standard in 10 different
scenarios. Proxemics data must be coupled with success rate reported in Table II for a clear performance frame.

social rules. Some relevant trajectories are also visualized
for a clearer evaluation of the algorithms. Future works

will

see the enrichment of the experimentation in different

scenarios and testing the system on the real robot, including a
perception system to estimate the necessary state information
of the closest people to the robot. Furthermore, the proposed
method can be extended to other social controllers to be
included in a common benchmark and, finally, to learning
adaptive behaviors from a global planning perspective.
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