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Collision Avoidance Among Dense Heterogeneous
Agents Using Deep Reinforcement Learning

Kai Zhu1, Bin Li1, Wenming Zhe2, and Tao Zhang1,3, Senior Member, IEEE

Abstract—Navigating in a complex congested social environ-
ment without collision is a crucial and challenging task. Recent
studies have demonstrated the considerable success of Deep
Reinforcement Learning (DRL) in multi-agent collision avoid-
ance. However, the assumption of these studies that agents are
homogeneous circles deviates from reality, leading to performance
deterioration in congested scenarios. The current work extends
the DRL-based approaches to develop a collision avoidance
method for congested scenarios wherein the heterogeneity of
agents can no longer be disregarded. Considering shape het-
erogeneity, we use the Orientated Bounding Capsule (OBC) to
model the agents and transform the interactive state space of
Robot-Obstacle agent pair. For speed heterogeneity, we design a
velocity-related collision risk function to shape the behavior of
the robot. Experimental results demonstrate that our proposed
method outperforms state-of-the-art DRL-based approaches in
terms of success rate and safety. It also exhibits desired collision
avoidance behavior.

Index Terms—Collision Avoidance, Reinforcement Learning,
Autonomous Agents.

I. INTRODUCTION

COLLISION avoidance is an active research area in robot
navigation. Future mobile robot systems are expected to

integrate naturally into human society and navigate crowded
environments, such as shopping malls, airports, and intersec-
tions, in a manner similar to that of people. In these scenarios,
a mobile robot must avoid multiple dynamic obstacles and
reach the goal point. Robot collision avoidance in crowded
environments, which we referred to as Social Navigation, has
elicited the interests of researchers who have achieved different
forms of progress.

Robot navigation in a crowded environment faces the
Freezing Robot Problem (FRP) [1], which has not yet been
solved effectively. The unknown target of other agents and
the high uncertainty of dynamic movement are the major
causes of FRP [2]. Several traditional velocity-based methods,
such as Reciprocal Velocity Obstacles (RVO) [3], are suitable
for multi-robot cooperative collision avoidance and crowd
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Fig. 1. Robot navigation among dense heterogeneous agents. Dotted line: Ex-
isting methods that typically model the robot and obstacle agents with circles
consume considerable free space. Solid line: The proposed method models
agents with capsules to alleviate FRP in dense heterogeneous scenarios.

simulation but perform poorly in social navigation. Early
studies established the Social Force Model (SFM) [4], [5]
or the human-robot interaction model based on the Gaussian
Process (GP) [2], [6] to explore pedestrian behavior and
social navigation. These modeling methods require numer-
ous parameters, such as responsibility for reciprocal collision
avoidance, which would be difficult to identify for other agents
in reality. In addition, some trajectory prediction methods [7]
have achieved great success, and their explicit integration and
joint optimization with planning algorithms are desired but
challenging. Deep Reinforcement Learning (DRL) provides
another way to implicitly integrate interactive prediction and
planning, which effectively offloads the expensive online com-
putation to an offline training procedure. DRL-based methods
describe navigation as a Partially Observable Markov Decision
Process (POMDP) and learn a policy which maximizes the
expected return [8]. Most of these methods [9]–[12] use the
circumscribed circle of the agent contour to model a robot and
its surrounding crowd, thereby idealizing the agents’ states.

In this paper, we advocate that the existing methods of
modeling the agent with circles are not conducive to alleviating
FRP, particularly in an environment with dense heterogeneous
obstacles. Fig. 1 shows that social navigation involves not only
pedestrians but also mobile agents with various contours and
speeds, such as cyclists and wheelchair users. The typically
circular homogeneity assumption increases the space occupied
by agents and wastes the free space for moving (refer to the
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dotted line in Fig. 1). Some works on reciprocal collision
avoidance and trajectory prediction address heterogeneity with
convex polygon modeling [7], [13]. However, to the best of
our knowledge, existing DRL-based social navigation methods
have not yet considered the heterogeneous nature of agents.

The main contribution of the current study is that it extends
the DRL-based navigation methods to collision avoidance
scenarios with heterogeneous decision-making agents, such
as pedestrians, cyclists, and other robots. To solve the afore-
mentioned problems, this work considers the heterogeneous
characteristics of the agents’ shape and speed:
• Shape heterogeneity: We use the Orientated Bounding

Capsule (OBC) to model the agents. Then, the compati-
bility of the multi-agent shape heterogeneity in a DRL-
based navigation method is achieved by calculating the
minimum separating distance and state rotation.

• Speed heterogeneity: We propose a velocity-related col-
lision risk metric for OBC. Then, the reward function
is designed based on collision risk to enable the robot
to perform better when interacting with low-speed and
high-speed obstacle agents.

An extensive set of simulation experiments demonstrates
that the performance of several state-of-the-art DRL-based
collision avoidance algorithms has been improved signicantly
after considering the heterogeneity of agents. As the density
of moving obstacles increases, the performance improvement
brought by our approach becomes more evident.

II. RELATED WORK

In this section, we provide a brief overview of prior work
on collision avoidance for social navigation and some related
studies on FRP.

A. Model-based Collision Avoidance

Velocity-based algorithms, such as VO [14], RVO [3], and
Optimal Reciprocal Collision Avoidance (ORCA) [15], are
widely used for multi-robot and crowd simulations. Some
RVO variants consider the robot’s non-holonomic constraints
[16] and heterogeneity [13] for different types of agents,
and achieve a satisfactory heterogeneous multi-robot collision
avoidance performance. A key challenge in these methods
is that they rely heavily on parameters specified by human
experts. Moreover, no accurate description of pedestrian be-
havior is provided. By contrast, SFM, which was proposed by
Helbing et al., provides a theoretical tool for social navigation
[4]. Other researchers have considered “force” or “potential”
as a measure of the internal motivation of individuals to
perform specific actions or movements [5], [17], [18]. Traut-
man et al. proposed a nonlinear interaction potential term to
couple separate GP trajectories of each agent in [1] and mixed
GPs interpolating between waypoints in [2]. Although their
methods model Human-Robot cooperation, which is important
for social navigation, these methods are limited to specific
dynamic environmental assumptions. In addition, the mobile
robot may cause stress and discomfort to humans during their
interaction.

B. Learning-based Collision Avoidance

Recently, machine learning has been rapidly developed
for robot navigation in dense, uncertain environments. As
a supervised learning technology, imitation learning meth-
ods obtain navigation policies by directly imitating expert
demonstrations [19], [20]. However, it is much easier to
obtain the trajectory data of social agents than that of the
robot itself. Researchers have established a number of data-
driven trajectory prediction architectures to understand the
nature of human-human interaction mechanisms [21]–[23].
Luo et al. proposed GAMMA [7] for trajectory prediction,
using Bayesian inference to estimate the key parameters of
ORCA. These trajectories are then used to support downstream
algorithms such as belief-space planning in [7] to output action
for the ego-agent.

As an alternative, DRL [24]–[26], which learns by trial and
error, exhibits high potential in dealing with decision-making
problems under uncertainty. Many researchers have described
navigation as POMDP and selected sensor-level or agent-level
observations as states [8]. Among them, sensor-level policies
are typically trained end-to-end, such as in [27], [28], learning
to choose actions directly from raw sensor readings (laser
scans or images). By contrast, agent-level methods such as
CADRL [9] extract agent-level data (e.g., position, velocity,
and radius) as state vectors. CADRL employs a fully con-
nected deep neural network to parametrize the value function.
The value network is trained by a Deep V-learning algorithm,
and the policy is derived from the maximal value action in
the discretized action space. CADRL was further extended by
introducing variants with reward shaping and LSTM to achieve
social compliance in pedestrian-rich environments [10], [11].
Although these algorithms outperform most traditional meth-
ods such as ORCA, social navigation remains a challenging
task as crowd size and density increase. Then SARL [12]
was proposed by Chen et al. with a novel neural network
encoding Crowd-Robot interaction rather than Human-Robot
interaction. They designed a social attentive pooling module
to learn the relative importance of each neighbor and the
collective impact of the crowd. The network is trained by a
Deep V-learning algorithm similar to CADRL. Furthermore,
the attention weights can be learned from gaze data collected
from humans [29].

C. Freezing Robot in Congested Environment

FRP occurs when the planner decides that all forward paths
are unsafe and the only option for the robot is to freeze in place
[1], [6]. The work of [30] constructed a potential freezing zone
in DRL to solve FRP. [31] proposed an unfrozen and unlost
mechanism after a robot freezes. In addition, a recent study
noted the effect of non-circular contours on collision avoidance
in crowded scenes [32]. Their Reactive Driving Support (RDS)
method constructs VO between each obstacle and the nearest
subpart of the robot, and limits its speed accordingly to avoid
local collisions. The primary difference between the RDS
method and our work is as follows: RDS is based on the
traditional VO method and does not consider the heterogeneity
of obstacle agents.
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III. PROBLEM FORMULATION

A. Deep Reinforcement Learning for Navigation

A robot is supposed to move toward a goal through n het-
erogeneous agents without any collision. Following the work
of [9] and [12], the task is formulated as a sequential decision-
making problem in a reinforcement learning framework. Two
types of agents exist in the environment: a single robot agent
and n obstacle agents. At time step t, the state of the robot
agent can be fully observed. It is denoted as st, including the
robot’s position pt, velocity vt, goal position gt, preferred
speed vpref , and shape parameters (details are provided in
Section III-B). The state of the i-th obstacle agent can only
be partially observed. It is denoted as oi

t, including position
pi
t, velocity vi

t, and shape parameters. By concatenating the
observable state of all the (n + 1) agents, the joint state can
be defined as s̃t = [st,o

1
t ,o

2
t , ...,o

n
t ].

The robot’s navigation policy π is trainable, whereas the i-th
obstacle agent’s policy πi is unknown and untrainable, and it
is given by the simulator or the real individual. Let at denote
a robot’s action at time t decided by policy π, i.e., at = π(s̃t).
An assumption is made that the robot can change its velocity
immediately in accordance with the action command at. The
objective of reinforcement learning is to obtain an optimal
policy π∗ that maximizes the cumulative discount return. This
objective can be achieved by finding the optimal value function
V ∗ that encodes an estimate of the expected return as follows:

V ∗ (s̃t) = E

[
T∑

t′=t

γt
′·vprefR (s̃t′ , π

∗ (s̃t′)) | s̃t

]
, (1)

where T is the terminal time of an episode (terminated with
collision, timeout, or reaching goal), γ ∈ [0, 1) is a discount
factor, and R (s̃t′ , π

∗ (s̃t′)) is the reward received at time
t′. The preferred velocity vpref is a weighted parameter to
control the discounted factor and temporal field of view during
deployment, rather than a manually fixed discounted factor
[9]. Let V (s̃t; θi) be an approximate value network with
parameters θ. The updates to θ can be derived from a variety
of reinforcement learning algorithms. In accordance with the
Bellman equation, the value function can be updated through
the Temporal Difference (TD) learning method to approach the
optimal gradually. We use a one-step TD error, which is the
difference in estimated return before and after the time-step
∆t. The loss function of training the value network is given
by:

L(θi) = E
[
Rt+∆t + γ∆t·vprefV (s̃t+∆t; θi−1)− V (s̃t; θi)

]2
.

(2)
The optimal policy for maximizing the expected return can

be derived from the optimal value function, i.e.,

π∗ (s̃t) = argmax
at∈A

R (s̃t,at) +

γ∆t·vpref
∫
s̃t+∆t

P (s̃t+∆t | s̃t,at)V ∗ (s̃t+∆t) ds̃t+∆t,

(3)
where A is the discreted action space, and P (s̃t+∆t | s̃t,at) is
the transition probability from s̃t to s̃t+∆t when taking action
at. We follow the implementation of SARL [12], and the

Fig. 2. OBC model of the i-th agent. The shape features include the length,
width and orientation of the capsule body. It is assumed that the direction of
velocity is consistent with the long axis.

next state s̃t+∆t is obtained by querying the environment for
the true value in training. During deployment, the transition
probability is approximated with a linear motion model for
simplicity, which can also be estimated by a trajectory predic-
tion model [7], [21]–[23]. Thus, R (s̃t,at) can be calculated
analytically through simple geometry and the best action is
chosen from a set of permissible velocity vectors.

B. Modeling Heterogeneous Agents

As mentioned earlier, the agents involved in collision avoid-
ance are heterogeneous, and the assumption of circular ho-
mogeneity exacerbates FRP. We observed that the projections
of robots and dynamic obstacles on a 2D plane are mainly
circular, rectangular, or long convex. In practice, the Orientated
Bounding Box (OBB) is widely used to represent convex
contours in collision detection tasks [33]. Inspired by OBB,
we proposed Orientated Bounding Capsule (OBC) to model
the agent. In this manner, the DRL method can be compatible
with agents of different shapes.

Each agent modeled by OBC has three key parameters
regarding shape heterogeneity, as shown in Fig. 2. For the
i-th obstacle agent, let ϕi ∈ [0, 2π] be the orientation of
the OBC’s long axis in the global coordinate system {O}.
Let rih ∈ R+ denote the radius of the OBC’s circumscribed
circle, which is also half of the length. Let riw ∈ R+ denote
the radius of the OBC’s inscribed circle, which is also half
of the width (riw ≤ rih). Similarly, let ϕ, rh, rw be those
parameters of the robot agent. We assume that all the agents
participating in collision avoidance are non-holonomic and the
direction of velocity vi is consistent with ϕi, which indicates
ϕi = arctan(vix, v

i
y). In addition, when rih = riw, the OBC

degenerates into a circle; when rih > riw, the OBC can envelop
different convex contours with a small gap.

IV. METHODOLOGY

The following section presents the state space and reward
function for the DRL-based collision avoidance method, which
considers the heterogeneous characteristics of agents’ shape
and speed.
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Fig. 3. Interactive states between two OBCs. We transform all state variables
into the local coordinate space to reduce redundant parameters. The robot
agent and each obstacle agent are matched separately, and the angle and
minimum separating distance between each pair of OBCs are regarded as
essential interactive state values.

A. Interactive State Space

With the notations provided in Section III, the fully observ-
able state of the robot agent s and the partially observable state
of the i-th obstacle agent oi in the global coordinate system
are defined as:

s = [p,v, ϕ, rh, rw,g, vpref ], (4)

oi = [pi,vi, ϕi, rih, r
i
w], (5)

where p = [px, py] is the location of the robot agent, pi =
[pix, p

i
y] is the location of the i-th obstacle agent, and g =

[gx, gy] is the robot’s goal position.
Note that the original state vectors in (4) and (5) have

redundant parameters and cannot intuitively reflect the inter-
action between the two heterogeneous agents. Therefore, a
better state representation is desirable. First, the state vectors
are transformed from the global coordinate system into the
local coordinate system {O′}, where the robot is located at
the origin and the x-axis points toward the robot’s goal (as
shown in Fig. 3). Then, the orientation difference between
the obstacle and the robot, the minimum separating distance
(described in Section IV-B), and other variables are added to
the state vector to enhance representativeness. The states of the
robot and the i-th obstacle agent in {O′} after transformation
are given by:

s′ = [v′x, v
′
y, ϕ, rh, rw, dg, vpref ], (6)

oi′ = [pi′x , p
i′
y , v

i′
x , v

i′
y , ϕ

i, rih, r
i
w, d

i
m,∆ϕ

i, Σrih, Σr
i
w], (7)

where dg represents the distance between the robot and its goal
point; dim represents the minimum separating distance between
the robot and the i-th obstacle agent; and ∆ϕi = ϕi − ϕ
denotes the orientation difference between the obstacle and
the robot, which describes the relative posture between two
OBCs. In addition, Σrih = rih + rh and Σriw = riw + rw
describe the relative space margin between two OBCs.

(a) (b)

Fig. 4. Geometry of minimum separating distance between two OBCs. (a)
The closest distance occurs between the end point and the end point. (b) The
closest distance occurs between the end point and the vertical point.

B. Geometry of Minimum Separating Distance

In the previous section, the minimum separating distance
dim between the i-th obstacle agent and the robot agent is
adopted as part of the state parameters. Moreover, dim is
crucial for collision detection and measurement of collision
risk. In the circular hypothesis, dim can be expressed as the
distance between the two circles’ centers minus the radii of the
two circles due to isotropy. The amount of usable space that
cannot be accessed by a navigation method based on circular
representation is significant, because the circular contour is
too conservative in the width direction (perpendicular to the
moving direction). For example, when an agent moves forward
along a linear trajectory, the swept area can be approximated as
a rectangle with the width of 2rh using circular representation,
and 2rw using capsule representation. The proportion of the
missing space is about (rh−rw)/rw. The larger the aspect ratio
of the agent, the more usable space capsule representation (or
convex polygon) can provide during movement and alleviates
FRP. In the assumption of convex polygons such as rectangles,
the minimum separating distance is related to the center point
and contour direction. The separating axis theorem, commonly
used in collision detection tasks, determines whether an over-
lap occurs by searching for disjoint projection axes. However,
it cannot provide the distance. In our OBC model, each capsule
can be regarded as an infinite number of circles with a center
point on a line segment, and the smallest distance between
two line segments occurs at the end-end or end-vertical point
(as shown in Fig. 4).

Next, we explain how to estimate the minimum separating
distance using Fig. 4. Suppose that the minimum separating
distance d(A1) occurs at A1. With the change in the relative
poses of

−−−→
A1A2 and

−−−→
Bi

1B
i
2, two situations are possible:

1) In the end-end situation as shown in Fig. 4(a), i.e., if−−−→
Bi

1A1 ·
−−−→
Bi

1B
i
2 ≤ 0 or

−−−→
Bi

1A1 ·
−−−→
Bi

1B
i
2 ≥

∥∥∥−−−→Bi
1B

i
2

∥∥∥
2
:

d(A1) = min
(∥∥∥−−−→A1B

i
1

∥∥∥
2
,
∥∥∥−−−→A1B

i
2

∥∥∥
2

)
− rw − riw. (8)

2) In the end-vertical situation as shown in Fig. 4(b), i.e.,
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if
−−−→
Bi

1A1 ·
−−−→
Bi

1B
i
2 > 0 and

−−−→
Bi

1A1 ·
−−−→
Bi

1B
i
2 <

∥∥∥−−−→Bi
1B

i
2

∥∥∥
2
:

d(A1) =

∥∥∥−−−→Bi
1A1 ×

−−−→
Bi

1B
i
2

∥∥∥
2∥∥∥−−−→Bi

1B
i
2

∥∥∥
2

− rw − riw. (9)

Then the three other key values d(A2), d(Bi
1), d(Bi

2) be-
tween the two OBC agents can be solved using formulas
similar to (8) and (9), and the minimum separating distance
is set as dim = min[d(A1), d(A2), d(Bi

1), d(Bi
2)].

C. Velocity-related Collision Risk

Inspired by the elliptical potential field of SFM [4], we
believe that the robot has a higher probability of collision in
the obstacle’s moving direction, particularly in front of the
obstacle instead of behind it. To measure this risk caused by
obstacle movement, we set a risk capsule for each obstacle
agent (see the yellow capsule in Fig. 5). From the assumption
of non-holonomic constraints, the agent will maintain a nearly
constant speed

∥∥vi
∥∥

2
in the current direction within the

reaction time δt. Therefore, compared with the original OBC
(the blue capsule in Fig. 5), the risk capsule is lengthened
forward by ∆Li =

∥∥vi
∥∥

2
δt. As the speed of the obstacle agent

increases, ∆Li also becomes larger, reflecting the prediction
of future collision risks.

The robot should try to stay away from the risk capsule and
not just the obstacle itself. With this insight, a velocity-related
collision risk metric for OBC is designed as:

riski =


kDrisk if dimr < 0,
k(Drisk − dimr) elseif dimr ≤ Drisk,

0 otherwise ,
(10)

where Drisk is the desired safety distance, dimr represents the
minimum separating distance between the robot and the risk
capsule of the i-th obstacle, and k is the risk coefficient used
to control the value range of riski.

Then, the reward function can be shaped by the aforemen-
tioned velocity-related collision risk as follows:

R (s̃t,at) =


1 if pt = gt,

−0.25 elseif dim ≤ 0,

−risk otherwise,
(11)

where risk = argmax
i∈{0,1,...,n}

riski originates from the obstacle

agent that poses the highest threat to the robot. At time step
t, the robot receives a positive reward upon reaching the goal,
a negative reward for collision, or a penalty (negative reward)
in accordance with the collision risk. Through this reward
function, the robot can be trained to avoid collisions with
dynamic obstacles of various speeds.

V. EXPERIMENTS AND RESULTS

A. Experimental Setup

We built a simulation environment in Python following
[12] to support robot navigation among heterogeneous moving
obstacles. The simulated obstacle agents are controlled by

Fig. 5. Velocity-related collision risk. The blue capsule is the i-th obstacle
agent, and the yellow capsule is the risk capsule extended by the former in
accordance with moving speed. A darker red color indicates a higher risk
value of the robot at that position.

ORCA [15]. The robot adopts two existing state-of-the-art
DRL-based algorithms, namely, CADRL [9] and SARL [12],
as baseline methods. We refer to our full enhanced version
designed for the dense heterogeneous scenario as DH-CADRL
and DH-SARL and the version without a changing reward
function (i.e., ∆Li ← 0) as DH-CADRL* and DH-SARL*
for ablation experiments.

1) Simulation Setup: To better simulate a real scene, we set
up several types of OBC as obstacles and randomly sampled
heterogeneous parameters including rh, rw, vpref from the
uniform distribution. The robot’s OBC parameters are set as
follows: rh = 0.5m, rw = 0.2m, and vpref = 1m/s. In
addition, for all baseline algorithms that adopt the assumption
of circular homogeneity, the circle radius parameter is set as
r = rh. The robot’s velocity vt is discretized into an 81-
dimensional action space, which is composed of 16 angular
velocities in [−π/4, π/4]rad and 5 discrete linear velocities in
(0, vpref ]m/s. The initial position and goal point of the robot
are set as [0,−3] and [0, 3], while those of the obstacles are
randomly sampled from an area of 8m×8m square.

2) Training Process: In general, imitation learning technol-
ogy can be used to initialize a neural network and improve
the efficiency of policy optimization. In the initialization step,
we use 3,000 episodes demonstrated by ORCA to train the
value network in the Pytorch framework for 50 epochs with
a learning rate of 0.01. It could be better to initialize by the
real-world pedestrian trajectory data. Then the second training
step refines the policy for 10,000 episodes through RL with a
learning rate of 0.001, a discount factor γ = 0.9, and a batch
size of 100. After each episode, the obstacle’s position and
goal point are resampled randomly. The number of obstacles
we used in training is N = 5. During training, obstacle agents
can observe each other, while robots are invisible to obstacle
agents, which means the obstacle agents do not actively avoid
the robot.

3) Evaluation Metrics: Notably, the random seed used in the
training and test cases is the same to keep the environments
of different algorithms completely comparable. We highlight
the following five metrics used to evaluate the algorithm in
500 random test cases. “Success Rate”(SR): the rate of a robot
reaching its goal without a collision. “Collision Rate”(CR): the
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TABLE I
QUANTITATIVE RESULTS IN THE INVISIBLE AND VISIBLE SETTINGS. EACH ENTRY REPORTS N = 5/N = 10. BOLD INDICATES BEST.

Invisible Visible
Methods SR CR MT RR RD SR CR MT RR RD

CADRL [9] 0.57/0.20 0.26/0.63 9.14/11.24 0.20/0.33 0.09/0.08 0.71/0.38 0.15/0.41 8.95/10.60 0.20/0.36 0.10/0.09
DH-CADRL*(Ours) 0.62/0.31 0.14/0.38 8.95/11.43 0.06/0.13 0.14/0.12 0.77/0.57 0.00/0.00 8.99/11.59 0.03/0.06 0.15/0.15
DH-CADRL(Ours) 0.69/0.37 0.19/0.44 9.01/10.75 0.10/0.21 0.13/0.11 0.89/0.78 0.00/0.00 8.66/10.91 0.04/0.08 0.15/0.14

SARL [12] 0.87/0.53 0.03/0.26 9.61/11.30 0.08/0.19 0.13/0.11 0.92/0.71 0.02/0.15 9.23/9.51 0.08/0.23 0.14/0.11
DH-SARL*(Ours) 0.98/0.74 0.01/0.25 8.44/9.05 0.04/0.16 0.14/0.13 0.99/0.98 0.00/0.00 8.08/7.94 0.02/0.08 0.16/0.16
DH-SARL(Ours) 0.96/0.82 0.02/0.15 8.63/9.86 0.04/0.13 0.15/0.14 0.99/0.99 0.00/0.00 8.33/8.69 0.02/0.08 0.16/0.16

rate of a robot colliding with other agents. “Mean Time”(MT):
the average time taken by a robot to reach its goal (in seconds).
“Risk Rate”(RR): the rate of the minimum separating distance
between a robot and other agents is less than Drisk but has not
yet collided. “Risk Distance”(RD): the average robot minimum
separating distance (in meters) to the nearest obstacle agent in
risk cases.
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Fig. 6. Effect of speed heterogeneity. We compare our approach (DH-SARL)
against the ablation one (DH-SARL*) under various speed-heterogeneity
settings.

B. Quantitative Evaluation

1) Effect of Shape Heterogeneity: We first evaluate the
algorithm in invisible test scenarios with the same obstacle
density as the training (i.e., N = 5), and the quantitative
results are summarized in Table I where the best ones are
marked in bold. As expected, the method proposed in the
current work provides more improvement to the DRL-based
baselines in all five indicators. Compared with CADRL, the
success rate of DH-CADRL is increased by 0.12, while the
collision rate is reduced by 0.07. The success rate of DH-
SARL is 0.09 higher than that of SARL. Recall that we set
up the DH-CADRL* and DH-SARL* algorithms without risk-
based reward shaping for the ablation experiments. And their
performance on the five indicators is also satisfactory.

We also look into the visible test scenarios, where the
obstacle agents can actively avoid the robot. Benefiting from
the reciprocal collision avoidance, all policies are improved,
and our proposed algorithms achieve the highest success rate
and even zero collision results. These results indicate the
advantages of the proposed OBC modeling and interactive
state space settings in terms of compatibility with shape
heterogeneity and reducing failure probability.

2) Effect of Speed Heterogeneity: Then, we generalize
the trained models to more congested test scenarios (i.e.,
N = 10) without fine-tuning. As shown in Table I, DH-SARL

TABLE II
QUANTITATIVE RESULTS IN VARIOUS N SETTINGS.

Methods N SR CR MT RR RD

SARL [12]

5 0.87 0.03 9.61 0.08 0.13
6 0.84 0.04 10.03 0.11 0.13
7 0.75 0.08 10.66 0.13 0.12
8 0.67 0.14 10.87 0.15 0.12
9 0.58 0.20 11.06 0.19 0.11

10 0.53 0.26 11.30 0.19 0.11

DH-SARL*(Ours)

5 0.98 0.01 8.44 0.04 0.14
6 0.94 0.05 8.44 0.06 0.14
7 0.91 0.09 8.64 0.09 0.14
8 0.87 0.12 8.83 0.10 0.13
9 0.82 0.17 9.06 0.13 0.13

10 0.74 0.25 9.05 0.16 0.13

DH-SARL(Ours)

5 0.96 0.02 8.63 0.04 0.15
6 0.96 0.03 8.94 0.05 0.15
7 0.95 0.03 9.17 0.07 0.14
8 0.90 0.08 9.33 0.08 0.14
9 0.87 0.10 9.76 0.11 0.14

10 0.82 0.15 9.86 0.13 0.14
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Fig. 7. Effect of obstacle density. The horizontal axis is the number of
agents generated in the scenarios with the same size, which is proportional to
the obstacle density. And the vertical axis represents the success rate of the
algorithms in 500 random test cases.

is superior to DH-SARL* in terms of success rate, collision
rate, risk rate, and risk distance. This result shows that our
new reward function based on velocity-related collision risk is
helpful in collision avoidance. But DH-CADRL is not better
than DH-CADRL* on some metrics in the invisible scenarios.
One possible explanation is that CADRL uses a maximin
scheme for multi-agent scenarios, which can only take a single
pair of interaction into account and possibly select an action
that drives towards a third agent. For that reason, this work
focuses the comparison against SARL which has better crowd
interactions properties.

One reasonable question is whether accounting for velocity-
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(e) DH-SARL: Case 2
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(f) DH-SARL: Case 3

Fig. 8. Local trajectory comparison in several test cases. The top row shows the SARL robot using the yellow capsule, while the bottom row shows the DH-
SARL robot. And the capsules in other colors represent simulated ORCA obstacle agents. Dotted circles represent the circumscribed circle of the capsules.
Each picture is superimposed with 5 frames of images at 0.25s intervals, encoding time in light-dark. The white numerical index obstacle agents in the
environment. DH-SARL framework generates desirable behaviors.

related collision risk improves performance due to the adap-
tation for speed-heterogeneity, or simply because of adding
collision penalties for all obstacles. To answer this question,
we test our ablation approach in three settings with different
speed-heterogeneity. In the low speed-heterogeneity setting,
multiple agents have the same vpref , while the maximal vpref
is thrice the minimal vpref in the high speed-heterogeneity
setting, and twice in the medium speed-heterogeneity setting.
Fig. 6 gives major results. DH-SARL performs comparably
to DH-SARL* for low speed-heterogeneity and outperforms
DH-SARL* significantly for high speed-heterogeneity, which
demonstrates the effectiveness of our reward function design
for addressing speed heterogeneity.

3) Effect of Obstacle Density: To fully evaluate the effective-
ness of the proposed method, we examine test scenarios with
different obstacle densities. For simplicity, we take the success
rate of the SARL series algorithm as an example (Fig. 7) with
other metrics shown in Table II. We have not performed fine-
tuning, and thus, the performance of each algorithm decreases
as the number of obstacle agents increases. Notably, the
success rate reduction of the SARL algorithm is 0.34, while
those of our proposed DH-SARL* and DH-SARL are 0.24
and 0.14, respectively. Although DH-SARL is slightly weaker
than DH-SARL* when N = 5, it achieves the best results
and minimal performance degradation in denser scenarios with

N = 6, 7, 8, 9, 10. These results verify that the heterogeneity
of agents can no longer be disregarded as the density of
dynamic obstacles in the environment increases. Our method
allows robots to deal with the considerable challenges posed
by dense heterogeneous environments.

C. Qualitative Evaluation

We further investigate the effectiveness of our proposed
method through qualitative analysis. Fig. 8 compares the local
trajectories of DH-SARL and SARL baseline policy. In Test
Case 1, the SARL robot is frozen between Obstacles 1, 3,
4, and 5, and thus, it fails to reach the goal point as shown
in Fig. 8(a). Meanwhile, the DH-SARL robot fully utilizes
the free space between Obstacles 4 and 5, passing through it
as indicated in Fig. 8(d). In Test Case 2, the SARL robot
passively evades Obstacle 3 and moves deviated from the
target point as shown in Fig. 8(b), resulting in a longer
navigation time. The DH-SARL robot adopts a more active
strategy, exhibiting the intelligent behavior of moving parallel,
accelerating and surpassing Obstacle 3 as shown in Fig. 8(e),
and thus, improving navigation efficiency. In Test Case 3, the
SARL robot tries to pass in front of Obstacle 7, causing a
collision as depicted in Fig. 8(c). Meanwhile, the DH-SARL
robot chooses to go around behind Obstacle 7, learning a safer
collision avoidance policy, as illustrated in Fig. 8(f). We are
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pleased to see that such intelligent behaviors is exactly what
we have intended to achieve in collision avoidance among
dense heterogeneous agents.

VI. CONCLUSION

This work develops a method for applying DRL-based al-
gorithms to avoid collisions with dense heterogeneous agents.
Our approach is general and can be used to enhance nearly
all agent-level DRL-based navigation algorithms. We first
use Orientated Bounding Capsules to model the agents and
transform their interactive state space. Then, we design a new
reward function via the velocity-related collision risk. Our
quantitative results show that the proposed method outper-
forms state-of-the-art DRL-based social navigation algorithms
in terms of success rate and safety, by accessing more usable
space. Qualitatively, we demonstrate that our policy generates
the desired collision avoidance behavior.

In the future, we will consider the uncertainty of human-
robot interactive impact and environmental conditions. And
we plan to train and test in a more advanced simulation
environment (e.g., SUMMIT [34]), which is conducive to
extending our method to the real world.
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