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Relative Velocity-Based Reward Model for Socially-Aware Navigation
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Abstract— Mobile robots are increasingly deployed in shared
environments where they must learn to navigate alongside
humans. Deep Reinforcement Learning (DRL) techniques have
shown promise in developing navigation policies that account
for interactions within crowds, fostering socially acceptable
movement. However, these techniques often depend heavily
on collision avoidance rewards to ensure safe navigation. In
this study, we introduce a novel reward component based on
relative velocity for collision avoidance, which integrates both
the robot’s and humans’ kinematics within personal distance
constraints. We conducted a thorough evaluation comparing
this new reward model against a conventional one in simulated
environments using advanced DRL methods. Our findings
indicate that the proposed reward model improves the robots’
ability to avoid collisions and navigate towards their goals while
being socially acceptable.

Index Terms— Human-Aware Motion Planning, Social HRI,
Collision Avoidance, Motion and Path Planning.

I. INTRODUCTION

Advances in perception, navigation, and control tech-
nologies have enabled autonomous mobile robots to be
successfully deployed across various industries, significantly
enhancing task efficiency. This widespread adoption has
extended beyond industrial applications, with mobile robots
increasingly integrated into service-oriented environments as
guide robots. In public spaces such as airports [1], museums
[2], [3], and universities [4], [5], mobile robots are used to as-
sist people navigating complex map layouts. Moreover, these
guide robots have evolved into assistive devices designed to
aid individuals with disabilities that impair their ability to
navigate, thereby enhancing their independence [6], [7].

The increasing deployment of mobile robots in these
diverse environments has led to more frequent and complex
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Fig. 1. Collision avoidance reward model component: (a) baseline distance-
based model and (b) proposed relative velocity-based model.

interactions between robots and humans. In these human-
shared spaces, safety is highly prioritised regardless of the
application [8]. Robots must not only reach their destinations
efficiently but also navigate in a way that is socially accept-
able and avoids causing discomfort or harm to humans. This
necessity introduces unique challenges in robot navigation
[9], requiring robots to interpret and respond appropriately
to human behaviours and movements.

To address these challenges, various navigation strategies
have been developed in the literature. Although reactive
navigation methods quickly respond to avoid collisions, they
oversimplify human interactions while treating humans as
non-responsive obstacles [10], [11]. On the other hand,
proactive approaches attempt to predict human behaviours
through probability models and expected trajectories, offer-
ing more advanced navigation by anticipating future states
[12], [13]. However, the inherent complexity and unpre-
dictability of human behaviours [14] can cause robots to
hesitate or freeze [15] when facing uncertainties.

Deep Reinforcement Learning (DRL) methods offer a
promising approach for developing navigation policies that
capture the cooperative nature of human navigation [16]–
[18]. Even though social navigation is inherently a Partially
Observable Markov Decision Process (POMDP), if we as-
sume full observability of the state, we can apply DRL to
train a robot agent to navigate toward a goal while avoiding
other agents [19]. DRL allows robots to learn from their
interactions with the environment, optimizing for collision
avoidance and efficiency. Reward models have been designed
to encourage socially acceptable behaviours beyond simple
distance-based measures, incorporating elements that better
capture social dynamics [20].

Despite significant advancements, the existing literature on
DRL-based navigation lacks comprehensive ablation studies
focused specifically on the collision avoidance components



of reward models. This leaves a critical gap in understanding
how different aspects of these reward models influence
overall performance, especially in dynamic, crowded envi-
ronments where safe navigation is essential. Addressing this
gap is vital for enhancing the safety and effectiveness of
these navigation algorithms.

The contributions of the paper are: 1) We propose a novel
relative velocity-based reward model (Fig. 1(b)) for address-
ing above mentioned gaps. Unlike the original distance-based
models (Fig. 1(a)), this approach considers both the robot’s
and human agents’ velocities in addition to personal distance
constraints, providing a more accurate representation of
interaction dynamics via the reward model. 2) We conduct
an ablation study using state-of-the-art DRL methods to offer
new insights into the effectiveness of the collision avoidance
component in these methods. By employing metrics such
as success rate and minimum time to collision, our study
contributes to a deeper understanding of how different reward
model components impact the safety of robot navigation in
complex, dynamic environments.

II. RELATED WORK

A. Deep Reinforcement Learning for Social Navigation

Since early work demonstrated the potential of DRL
systems [21], these methods have been adapted to various
applications, including socially aware robot navigation. The
seminal work in [19] formulated collision avoidance in
decentralized, non-communicating multi-agent systems as an
Markov Decision Process (MDP) based on the observable
states of other agents and the robot state. However, this
approach was limited to two-agent systems and did not
scale effectively in crowded environments. This scalability
challenge associated with fixed-size state inputs was ad-
dressed by [22], which utilized Long Short-Term Memory
(LSTM) networks to embed the crowd state, prioritizing
humans based on their proximity to the robot. Although this
approach improved scalability, it did not adequately capture
the interactions between agents. To overcome this limitation,
[16] introduced a network architecture with a social-attentive
mechanism, which effectively captures both human-robot
and human-human interactions, enabling the robot to learn
cooperative behaviours in crowded environments. However,
all these methods were not capable of distinguishing between
humans and static obstacles. Recognizing this, [17] proposed
a network architecture that incorporates an additional channel
in the state representation specifically for capturing static
obstacles. This enhancement extends the applicability of
DRL-based navigation methods to more varied and realistic
scenarios.

B. Reward Functions

Reward model design is crucial in DRL-based navigation,
shaping the robot’s behavior. For socially aware navigation,
these models prioritize goal achievement, efficiency, social
comfort, and collision avoidance. The robot faces penalties
for failing to meet these objectives, except when it suc-
cessfully reaches the goal. Reward models often include

components based on path length [23], [24] and navigation
time [24], [25] to improve navigation efficiency, encouraging
the robot to find the shortest and fastest route to its goal. To
enhance social compliance, various studies have introduced
additional components designed to promote socially accept-
able behaviours. These include inducing the robot to develop
a side preference to mimic human navigation patterns [20],
as well as penalizing sudden movements to create smoother
interactions and minimize discomfort for nearby humans
[17], [23], [25].

Although adherence to social norms can reduce the like-
lihood of collisions [26], collision avoidance remains the
primary component that drives safe behaviour during the
learning process. Most existing approaches employ simple
distance-based reward models, which penalize the robot for
getting too close to obstacles or humans, thus promoting
safer navigation paths [16], [17], [19], [22]–[25], [27]–
[29]. These position-based models effectively induce passive
collision avoidance but often fail to consider the observable
velocity of other agents, which is crucial for anticipating and
responding to dynamic interactions in real-time.

Very few studies have utilized velocity in reward models.
For instance, [30], [31] uses velocity to define an adaptive
penalty region, considering only the velocity of the humans.
Another study [32] introduces a penalty component based on
a desired direction, evaluated using velocity obstacles. How-
ever, there are no comprehensive ablation studies specifically
focused on these collision avoidance reward components,
leaving a gap in understanding their impact on overall
navigation performance across different DRL methods.

III. METHODOLOGY

A. Relative Velocity-based Reward Model
The proposed reward model is a handcrafted exponential

function to assess a penalty from each pedestrian in the
crowd based on their relative velocity with respect to the
robot. These functions are subjected to distance-based con-
straints, which allow them to be modelled based on distance
parameters related to personal space models of humans.

Considering the observable state so ∈ R5 of any agent
in the environment to be denoted as so =

[
p⊤ v⊤ r

]⊤
,

where p and v are the position and velocity vectors of the
agent and r is its radius (size) [19]. We define the state of the
crowd with n pedestrians as, S =

⋃n
i=1 s

o
i , where i denotes

the ith human in the crowd. Similarly, by using subscript r
to denote the robot, we can evaluate the velocity vir of a
human relative to the robot and represent it in polar notation:

vir = vi − vr =

(
vir
θir

)
(1)

We initially define a frame of reference {i} for each human
based on vir with the x-axis of the frame oriented in the
direction θir (Fig. 2). The position of the robot p{i}

r in the
human reference frame {i} can be evaluated as follows,

p{i}
r =

[
xi
r

yir

]
=

[
cos θir sin θir

− sin θir cos θir

]
(pr − pi) (2)



Fig. 2. Defining humans reference frame based on relative velocity.

Based on this, a piece-wise function (3) is defined to
model the reward based on the magnitude and direction of
the human’s velocity relative to the robot.

Ri =


Ai exp

(
−ci

[
(vir + 1)

−α

(vir + 1)
β

]⊤ [(
xi
r

)2(
yir
)2
])

xi
r ≥ 0

Ai exp
(
−ci (vir + 1)

β ∥p{i}
r ∥2

)
xi
r < 0

(3)
such that when vir = 0,

∥p{i}
r ∥2 = (rr + ri)

2 =⇒ Ri = Rcoll (4a)

∥p{i}
r ∥2 = (rr + ri + dc)

2 =⇒ Ri = Rmin (4b)

where dc is the comfort distance and Rcoll < Rmin < 0 are
the collision penalty and the minimum penalty offset of the
reward model. α and β are hyperparameters that factor the
reward model’s deformation based on the relative velocity’s
magnitude. The main focus of α is to tune the decay rate of
the exponential reward function in the positive direction of
the relative velocity (i.e. Ri when xi

r ≥ 0), elongating the
reward function in that direction based on the magnitude
of the relative velocity. Similarly, β deforms the reward
function in the remaining axis directions. The continuity
of the reward function is sustained by sharing the same
deformation factor for the components in the orthogonal
direction. Although the Rmin has an impact on the decay
rate of the function, its primary purpose is to define the
boundary of the reward function (4b) while creating an offset
between the collision penalty and the minimum reward value
of R̂i. Applying distance constraints (4a) and (4b) at relative
stationary condition enables the evaluation of the coefficients
ci and Ai as follows.

ci = − ln (Rmin/Rcoll)

dc (2 (rr + ri) + dc)
(5)

Ai =
Rcoll

exp
(
−ci (rr + ri)

2
) (6)

Fig. 3. Minimum distance-based reward.

The constrained reward function of each pedestrian is then
bound between zero and the collision penalty as,

R̂i(s
o
r,S) = min{max{Ri(s

o
r,S), Rcoll} −Rmin, 0}. (7)

Rv(sr,S) =


Rcomp pr = pg

Rcoll dmin ≤ 0

mini∈[n]{R̂i(s
o
r,S)} otherwise

(8)

Based on this, Equation (8) is used to evaluate the reward
value at each time step. A reward Rcomp > 0 is assigned
for reaching the robot’s goal (pg). The Rcoll penalty is
given at collisions (i.e. when minimum distance between the
robot and any pedestrian dmin ≤ 0) and otherwise based
on the state of the system, the minimum reward assigned,
considering all pedestrians in the crowd.

B. Reward Model Parameters

The proposed reward model was evaluated considering
the distance-based reward model (Rd) as a baseline [19].
Therefore, the same values are considered for parameters
common in both reward models. To isolate and better under-
stand the impact of the pedestrian collision component within
the reward model, certain penalty components originally
included in some of the DRL methods being evaluated have
been excluded.

1) Distance-based Model: The distance-based reward
model (Fig. 1(a)) used as a baseline for this study comprises a
penalty component assigned based on the minimum distance
between the robot and any human agent in the environment
(dmin) (9), where we consider Rcoll = −0.25 and dc = 0.2m
(Fig. 3). In addition, a task completion reward of Rcomp = 1
is assigned upon reaching the goal.

Rd(sr,S) =


Rcomp p = pg

Rcoll dmin ≤ 0
−0.1 + (dmin/2) 0 < dmin ≤ dc
0 otherwise

(9)

2) Relative Velocity-based Reward Model: In addition to
the common parameters from the distance-based model, the
proposed reward model introduces three new parameters: α,
β and Rmin. α is considered based on a collision course
scenario where two agents walk directly towards each other.
Considering an average walking speed of 1.5m/s, an average
response time of 0.5s is deemed necessary, resulting in a
minimum distance of 2.5m between the agents to prevent



Fig. 4. Relative velocity-based reward along the direction of the relative
velocity (yir = 0 plane) for varying α (rr = 0.5, ri = 0.5, β = 0).

Fig. 5. CrowdNav simulator environment with static obstacles.

collision by stopping [33]. Fig. 4 shows the effect of α on the
reward model in this scenario where the size of both agents,
r = 0.5m. The required stopping distance corresponds to
selecting α = 1.8. We consider β = 0.2 and Rmin = −0.01
in our experiments.

IV. RESULTS AND DISCUSSION

To comprehensively analyze the effect of the proposed
reward function, we implemented and integrated it with
CADRL [19], LSTM-RL [22], SARL [16], and SOADRL
[17] methods. These state-of-the-art DRL-based methods
were independently trained using the distance-based reward
model (Rd) and our proposed reward model (Rv) under the
same initialization conditions.

A. Simulation Environment Configuration

The algorithms are trained and evaluated using the circular
crossing scenario [19] in a 12x12m open space in the
CrowdNav simulator (Fig 5). Human agents, robot and their
goals are spawned randomly in an annular region with an
inner radius of 2m and an outer radius of 5m. The generated
human agents utilize the ORCA algorithm for multi-agent
navigation. To simulate non-cooperative behaviour, we in-
troduce randomness in the human agents’ ability to perceive
the robot [17]. The training environments feature 5 dynamic
humans, and each episode considers a time threshold of 25s.
The performances of the trained models are then evaluated in
environments with different levels of complexity configured
by increasing the crowd size of 5, 10, 15 and 20 humans. For

Fig. 6. Success rate (SR) of models trained independently using the Rd

and Rv evaluated in varying complexities.

each configuration, 500 random test cases initialized based
on seed values are used to evaluate the performance.

B. Performance Metrics

We evaluate the performance of the algorithms using two
quantitative metrics. We use the success rate (SR) as a
success metric and the minimum time to collision (TTC)
as a social metric [9].

1) Success Rate: SR indicates the proportion of test cases
where the robot successfully reaches its goal location within
the specified time threshold.

TABLE I
SUCCESS RATE (SR) OF MODELS TRAINED INDEPENDENTLY VIA THE

Rd AND PROPOSED Rv EVALUATED IN VARYING CROWD DENSITY.

Method Reward
Model

Humans
5 10 15 20

CADRL Rd 0.89 0.67 0.41 0.32
Rv 0.90 0.68 0.49 0.34

LSTM-RL Rd 0.99 0.82 0.53 0.34
Rv 0.97 0.89 0.68 0.42

SARL Rd 0.98 0.91 0.69 0.44
Rv 0.99 0.93 0.76 0.59

SOADRL Rd 0.88 0.71 0.51 0.34
Rv 0.92 0.69 0.43 0.25

SOADRL
(fine-tuned)

Rd 0.87 0.73 0.57 0.40
Rv 0.91 0.76 0.58 0.37

Fig. 6 shows a steady decline in SR as environmental
complexity (number of human agents) increase, highlighting
the impact of crowd density on the robot’s navigation. Com-
paring the effects of Rv and Rd, we observe that except for
the SOADRL method, all other evaluated methods (CADRL,
LSTM-RL, and SARL) generally demonstrate higher SR
when trained with Rv (Fig. 7). Notably, in scenarios with 5
human agents, the LSTM-RL method trained with Rd shows
a marginally higher SR compared to Rv , but this difference
diminishes as the crowd size increases.

Interestingly, the SOADRL method did not follow this
trend, showing a lower SR when trained with Rv in more
complex environments than those used during its initial



Fig. 7. Performance of Robot (solid red circle) navigating towards its goal
(red star) using methods trained with Rd and Rv in an open space with ten
human agents with common initialization conditions.

training. We hypothesized that this discrepancy is due to the
model architecture of the SOADRL method, which includes
an additional channel specifically aimed at capturing static
objects in the environment. Since the initial training was
conducted in open space scenarios for a fair comparison,
the model parameters associated with this channel were not
effectively trained. Consequently, the SOADRL method’s
ability to generalize to more complex environments may be
impaired, resulting in lower SR. To verify this, we fine-tuned
the SOADRL method in an environment with static obstacles
(introduced 6 random static obstacles as in Fig. 5). The
performance of the fine-tuned SOADRL model was reeval-
uated in the open space configuration (Table I), and a clear
improvement was observed with Rv in moderately crowded
scenarios, though this declined in highly dense scenarios.
Fine-tuning the other methods in similar configurations by
decomposing static obstacles as static humans drastically
reduced the performance of these methods.

The improved performance of Rv in most cases high-
lights that incorporating relative velocity information into
the reward model provides a better account for the dynamic
interactions between the robot and human agents. This allows
the algorithms to make more informed decisions, leading to
higher SR, especially in moderately crowded scenarios.

Fig. 8. Success rate (SR) of methods trained with Rd and Rv under range
restriction in an open environment with five humans.

Furthermore, we also analyzed how restricting the robot’s
visibility range impacted the success of each method. Since
all methods, except SOADRL, were not designed to han-
dle scenarios without humans, we restricted the range by
distance but included the closest human as the crowd state
when no humans were detected within the defined range.
This ensured that the crowd state was never empty. The
visibility range restriction logic was applied and evaluated
in an environment with five humans across all methods,
including SOADRL, to ensure a fair comparison.

Overall, except for the LSTM-RL method, a similar trend
is observed between Rd and Rv for each method under
range restriction (Fig. 8). The CADRL method was largely
unaffected due to its inherent design as a two-agent system.
The SARL method consistently maintained high performance
across all ranges for both reward models, while the fine-tuned
SOADRL method showed noticeable drops in SR at closer
ranges for both reward models.

However, the LSTM-RL method with Rd had a significant
performance drop at ranges below 6 meters, highlighting
limitations in handling restricted ranges. Notably, the same
method trained with the Rv performed much better under
restricted visibility, suggesting that the Rv model improves
the method’s emphasis on nearby humans, compensating for
the shortcomings observed with the Rd model.

2) Minimum Time to Collision: TTC serves as a metric
for evaluating the social aspect of the robot’s navigation [9],
[34]. It measures the minimum time for potential collisions
between the robot and any human agent, assuming all agents
maintain their current linear motion at a given instance. To
ensure a realistic assessment, our TTC evaluation accounts
for the physical sizes of the robot and the human agents.

As shown in Table II, the average TTC values of most
algorithms using Rv are higher compared to their Rd

counterparts. This indicates that the robot maintains safer
velocities and distances (SOADRL method in Fig. 7) from
the human agents, thus enhancing social compliance and
reducing the likelihood of collisions.



Fig. 9. Box plot representation of TCC of models trained using the Rd

(blue) and Rv (green) evaluated in varying complexities.

TABLE II
AVERAGE TTC OF METHODS TRAINED INDEPENDENTLY USING Rd AND

PROPOSED Rv EVALUATED IN VARYING COMPLEXITIES.

Method Reward
Model

Humans
5 10 15 20

CADRL Rd 3.03 3.20 3.60 3.60
Rv 3.40 3.87 4.14 4.31

LSTM-RL Rd 3.49 3.06 3.02 2.84
Rv 3.19 2.97 2.70 2.74

SARL Rd 3.31 3.36 3.34 3.29
Rv 3.61 3.83 3.88 3.80

SOADRL Rd 2.67 2.87 3.39 3.64
Rv 4.26 3.96 4.20 4.32

Fig. 9 illustrates a box plot representation of TTC values
across the test cases, offering insight into the distribution of
these TTC values. For the CADRL, SARL, and SOADRL
methods, the TTC values tend to skew towards higher values
when using Rv , indicating that these methods benefit signifi-
cantly from the incorporation of relative velocity information
in their reward functions. By integrating Rv , these methods
can more effectively assess and respond to dynamic changes.

In contrast, the LSTM-RL method exhibits a slightly
different trend. While LSTM-RL trained with Rv shows
improvements in success rate, its TTC values are marginally
lower compared to those trained with Rd. However, the
overall difference in TTC between Rv and Rd for LSTM-
RL remains small relative to the gains observed in the other
methods. We believe that this difference in the LSTM-RL
method’s TTC performance stems from its focus on nearby
human agents noted in the success rate analysis (Fig. 8). The
LSTM processes human agents based on their distance from
the robot, beginning with the furthest agent. This ordering
increases the emphasis on agents in close proximity. The
Rv reward model further amplifies this focus. As a result,
while this method maintains high success rates with Rv , the
robot may be making more aggressive maneuvers when near

Fig. 10. Training (a) CADRL, LSTM-RL and SARL (b) SOADRL

human agents, which could explain the slightly lower TTC
values observed with Rv .

Overall, the higher TTC values observed with Rv in
the majority of cases reinforce the benefit of incorporating
relative velocity into the reward model. This allows the robot
to gain a better understanding of dynamic interactions with
surrounding agents, leading to more socially compliant and
safer navigation behaviours.

C. Training Convergence

Furthermore, we analysed the training convergence of the
methods trained under each reward setting (Fig. 10). Notably,
the SOADRL method required significantly more episodes
to converge compared to the other methods. Additionally,
a significant, sharp drop in average reward was observed
during early episodes with Rd, whereas Rv demonstrated
a much more stable increase, indicating smoother learning
progression (Fig. 10(b)).

V. FUTURE WORK

For future work, we plan to evaluate performance using
a broader set of metrics and analyze its effectiveness across
different scenarios. Additionally, we are in the process of
implementing our approach on the Spot robot [35] to assess
the impact of real-world noise on perception.

VI. CONCLUSIONS

We proposed a novel relative velocity-based reward model,
subject to personal distance constraints, for collision avoid-
ance in DRL navigation systems, providing a better under-
standing of interaction dynamics. Our results demonstrated
the reward model enhanced both the safety and social
acceptability of robot behaviours. Furthermore, our work
emphasizes the importance of carefully designing reward
components and selecting suitable network architectures
in DRL to enhance navigation performance in complex,
dynamic settings. This advancement offers a meaningful
step toward developing more reliable and socially aware
navigation systems.
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