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Abstract—When using mobile robots to perform data
collection about the surroundings, the performance might
be dissatisfying since the environments could be unknown
and challenging. This situation will pose challenges for
mobile robot navigation and exploration. To tackle this
issue, we propose a consensus-based deep reinforcement
learning (DRL) algorithm for multiple robots to perform
mapless navigation and exploration. The proposed algo-
rithm leverages both consensus-based training and DRL,
which reduces required training steps while maintain-
ing the same training reward. Once trained with fixed
obstacles, the proposed training model can demonstrate
adaptability in handling real-world random static obstacles
and sudden obstacles. The experimental video is available
at: https://youtu.be/ym2yvbKgdfU.

Index Terms—Deep reinforcement learning, consensus,
obstacle avoidance, multi-robot systems.

I. INTRODUCTION

With the continuous evolution of science and technol-
ogy, robots have played an indispensable role across var-
ious applications, including formation coordination [1],
pick-and-place [2], [3], localization [4], etc. Navigation
[5] and exploration [6] constitute crucial applications
of robotics, where mobile robots are equipped with
sensors to gather information about the structure of the
environment during the stage of approaching the target
positions. If the environments being explored are known
and safe, the process of data collection will be simple
and rapid. Nevertheless, in many circumstances, the en-
vironments being explored are unknown and challenging.
To address this issue, we incorporate the utilization of
DRL to enable mobile robots to engage in navigation
and exploration without reliance on pre-existing maps.

In this paper, we propose a consensus-based DRL
algorithm for multiple robots to perform navigation
and exploration in unknown environments, as shown

This work is supported by UKAEA/EPSRC Fusion Grant 2022/2027
No. EP/W006839/1. (Corresponding author: Hanlin Niu. Email ad-
dress: hanlin.niu@ukaea.uk)

Fig. 1: Consensus-based parallel training in Gazebo
environment. The cubes represent obstacles and the red
squares are target positions.

in Fig. 1. The main contributions of the paper can be
summarized as follows:

1) An actor-critic-based DRL method is presented for
each mobile robot to deal with collision avoidance
tasks. By applying this method, each robot is able
to accomplish mapless navigation and exploration.

2) Specially, a consensus-based training policy is de-
veloped for the multi-robot system to improve the
training efficiency of the DRL method. The pro-
posed multi-agent training algorithm takes advan-
tage of both consensus-based training and DRL,
which decreases the number of required training
steps while ensuring the same training reward.

3) The performance of the proposed method is val-
idated in real environments. After being trained
with fixed obstacles, the proposed training model
can also be applied to deal with obstacles with
random locations as well as sudden obstacles.

The structure of this work proceeds as follows. Section

II provides an extensive review of related literature. In
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Section III, the proposed methodology is expounded
in detail. Section IV presents experimental validation
to underscore the viability of the proposed approach.
Section V summarizes this work.

II. RELATED WORK

Consensus control in navigation and exploration:
Consensus control has been harnessed to manage and
resolve navigation and exploration tasks [7]. A position
consensus controller which was based on the sliding
mode control was introduced in [8] to solve the prob-
lem of unmanned aerial vehicle (UAV) navigation. A
decentralized control approach was developed in [9] to
allow underwater vehicles to reach a goal with large
time delays. In [10], a two-level consensus approach
with the concept of a virtual leader was proposed for the
formation control and tracking of multiple autonomous
agents. In [11], a decentralized estimation strategy on
the basis of a consensus-extended Kalman filter was
designed for multiple fixed-wing UAVs to improve ob-
servability. In the works mentioned above, the authors
demonstrate a predominant focus on theoretical analysis
which relies on fairly accurate modelling of dynamic
models. If the dynamic model of any agent changes,
the proposed control input should also be adjusted to
satisfy the stability analysis. Our proposed algorithm is
model-free, which is versatile and suitable for a broader
spectrum of applications.

Deep reinforcement learning in navigation and
exploration: DRL plays an important role in addressing
the challenges associated with exploration and naviga-
tion tasks [12]. The aim of applying DRL in these
tasks is to enhance intelligence in determining decision
boundaries, allowing for the handling of unpredictable
or sudden changes in the environment [13]. A DRL-
based decision algorithm was developed in [14] to ad-
dress the problem of automatic exploration under an
unknown environment. In [15], a discrete state space
DRL algorithm was introduced to reduce the training
time for mobile robot navigation. In [16], a successor-
feature-based DRL algorithm was proposed to enable
a mobile robot to transfer knowledge from previous
navigation tasks to new environments. A combined DRL
and imitation learning method was mentioned in [17]
to deal with motion planning in cluttered and crowded
environments. Nevertheless, the aforementioned studies
were primarily trained with data obtained from one
simulated agent, which could be regarded as a constraint.
Our algorithm engages multiple agents in the training
process, which facilitates efficiency in training stages
while ensuring the same reward.

III. METHODOLOGY

In this section, we introduce an innovative multi-
agent training algorithm that leverages the benefits of
both consensus-based training and DRL. Initially, we
present the actor-critic-based [18] DRL approach for
each mobile robot, and then the consensus-based training
method for multi-agent systems is introduced. Through
the utilization of actor-critic-based DRL with consensus-
based training, the proposed algorithm decreases the
number of required training steps while ensuring the
same reward.

A. Deep Reinforcement Learning Setup

The goal of the experiment is to train each mobile
robot to reach a randomly assigned target position while
ensuring collision avoidance throughout the reaching
process, as shown in Fig. 2.

Obstacle

Turtlebot

Fig. 2: Training environment of each mobile robot.

1) Action Space and State Space: For each mobile
robot, the action space a is a 2-dimensional vector that
consists of two different velocities, which are the linear
velocity V; and the angular velocity V. These values are
computed in polar coordinates.

The state space s is a vector of dimension 28 which
includes the linear velocity V;, the angular velocity V,
24 laser values, the distance between the mobile robot
and the target, and the angle difference between the
mobile robot and the target. The 24 laser values are
normalized by the maximum range.

2) Reward Space: Each mobile robot is designed
to reach its target position while performing collision
avoidance. The reward function for each mobile robot is
defined as

Ti =7di +Tai +T0i +Tei + T (D

where r; stands for accumulated reward of the " mobile

robot, rg; represents the distance reward of the ith



mobile robot, r,; describes the arrive reward of the "
mobile robot, r,; is the collision reward of the i** mobile
robot, r.; represents the linear punishment reward of the
i" mobile robot, r,,; is the angular punishment reward
of the i*" mobile robot.

The distance reward r4; can be defined as

Tdi = Tpi — Tei 2

where rp; is the distance between the it" mobile robot
and the target with the previous action, r.; stands for
the distance between the i*” mobile robot and the target
with the current action. If 7,; is larger than r.;, the ith
mobile robot will obtain a positive distance reward since
it gets closer to the target position.

The arrive reward r,; is computed by

Tal if |reil < ran
Tai = . 3
0 otherwise

where r,; represents a positive large reward, rq;, stands
for the distance threshold.
The collision reward r,; is given by

—Tol i Trimat < |7si| < 2imat
Toi = _2Tol lf |rsi| < Tlimit (4)
0 otherwise

where 7, denotes a positive collision reward, r; is the
distance between the ' mobile robot and the obstacles,
Timst represents the laser threshold limit. As a result,
ro; Will receive a punishment if |rg;| is above the laser
threshold. By introducing r,; in the accumulated reward,
the mobile robot is encouraged to avoid obstacles.

The linear punishment reward r; is computed by

lf % < szn
Tei = . (5
0 otherwise

where 7., represents a positive reward, Vj,,;, stands for
the minimum linear velocity threshold. This linear pun-
ishment reward stimulates the mobile robot to explore

the environment.
The angular punishment reward r,; is obtained by

Toi = —Tnp lf |Va| > 0-5|Vamaac| (6)
0 otherwise

where 7, represents a positive reward, Vg, 4, Stands for
the maximum angular velocity threshold. This angular
punishment reward prevents the mobile robot from ex-
cessive rotation speed, which encourages it to investigate
the surroundings.
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Fig. 3: The structure of the actor network.
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Fig. 4: The structure of the critic network.

3) Network Structure: The input of the actor network
passes the data through three dense layers whose activa-
tion functions are ReLu [19] with 500 nodes, as shown in
Fig. 3. This input comprises 28 elements, encompassing
parameters such as linear velocity, angular velocity, 24
laser readings, the distance between the mobile robot and
its target, and the angular difference between the mobile
robot and the target. The output of the actor network
consists of 2 elements, which are the linear velocity V;
and the angular velocity V. This output is also utilized
as an input for the critic network, as illustrated in Fig. 4.
The other input of the critic network shares the same set
of elements as the actor network’s input. The output of
the critic network quantifies the performance of the actor
network, which is a Q value derived through a linear
activation function.

In every iteration, each mobile robot engages in envi-
ronment exploration, introducing random noise into its
actions. The accumulated reward obtained in this process
is denoted as ;. In each training session, the state space,
action space, next state space, and the accumulated
reward are recorded and stored in the replay buffer.
When this buffer reaches its capacity, the training model
can draw and learn from its contents in a random manner.



B. Consensus-based Training Strategy

In order to boost the training efficiency in the multi-
robot system, a consensus-based training strategy is
proposed. Therefore, our initial focus is on introducing
the consensus network structure that aids in this training
process.

Define the interaction topology of P agents as G =
(V,€), where V = {1,2,--- , P} is the vertex set, and
E C V x V represents the edge set. Denote (p,i) € €
if the p'" agent and i*" agent are connected [20].
For undirected graph G, define the adjacency matrix
Aas A = [ay] € REXP, where a;, = ap; > 0
if (p,i) € &, otherwise a;, = ap = 0. If D =
diag{}>, 1 aip,--- s>, upaprp} € RF*F, then the
Laplacian matrix £ can be defined as £ = D — A.
It is easy to obtain that £ > 0 and L1p = 0, where
1p = [1,---,1]7. The rank of £ equals P — 1 if the
graph G has a spanning tree [21].

In the context of an undirected graph G, if ¢; € R"
is the updated training parameter of ¢; € R™ after a
single consensus step and ; represents the row vector
of the training parameter for agent ¢ within the graph, the
consensus training step for each agent ¢ can be depicted
as follows

Pi = @i + Uy )
P

wi=) _ aplep—¢i) ®)

where a;;, is an element of the graph adjacency matrix
and u; represents the input of the agent i. a;, can be
generated from the undirected graph G.

By combining (8) and (7), the consensus algorithm can
be employed to update an agent ¢ using the subsequent
approach:

%+Z
=i — szl

= Ci (pp, lip)
where [;;, stands for an element of the Laplacian matrix
L and C; is the consensus protocol of the i** agent.

The training parameter update for all P agents after a
single consensus step can be concluded as follows:

p=(Up—L)® L)y
:C(QOVC)

azp z)

Lipep (C))

(10)

where C is the consensus protocol for all agents, /p and
I, stand for the P x P and n X n identity matrix, £
denotes the Laplacian matrix. By iteratively computing

(10), this consensus algorithm drives all agents to con-
verge towards their weighted average [22].

C. Consensus-based Deep Reinforcement Learning

Given the consensus training strategy in the previous
subsection, the proposed consensus-based DRL algo-
rithm is now introduced. As stated in [23], the process
of updating the actor training parameter w® and the critic
training parameter 0 for the i*" agent can be given as:

8t = T+ Ago (5141, apq1) — 9o(st, ap) (11)
0141 = 0; + ad;Vog(sy, ap) (12)
W%ﬂ = (’Dz + ﬁvwﬂ'(S%)vagg(Si,al) at=m,(s?) (13)

where « and 3 represent the critic and the actor learning
rate, respectively. d! stands for the temporal difference
error and X is the discounted factor. go(si q,a )
denotes the linearized value function with respect to
0 and Vyg(si,a}) represents the gradient of the value
function. 7, (s") is the linearized policy function with
respect to w and V,,7(s!) represents the gradient of the
policy function.

By applying (9), the consensus-based critic training
parameter update for the i*" agent can be summarised

as:
91—914—2 ain (07 — 67)
t+1 = 9t + O@WQ(SL ai)

(14)
15)

Substituting (14) into (15), we have

fe =0+ Z
Similarly, the consensus-based actor training parame-
ter update for the i*” agent can be obtained as

Wt+1 = wy +Z

where di = Vwﬂ(si)vagg(st, %) ai=r(s):

Let O, = [6;Vag(st,al), -+ ,0FVeg(sF,al)]T and
Q = [d},---,dF]T, for P agents, the update of the
critic and actor training parameters at iteration ¢ can be
illustrated as

a;k (0 )+a5 Vgg(st,at) (16)

ap(wf —wj) + Bd; (A7)

Orr1=(Ip— L) ® I,)0; + a0,

:C(0t7£)+a®t (18)
Wi41 = ((IP — £) (9 In)(Ut + BQt (19)
= C(wi, £) + B

Algorithm 1 summarizes our proposed consensus-
based DRL algorithm.



Algorithm 1 Consensus-based DRL

1: Initialize initial state sf), fixed behaviour policy &,

discounted factor A, maximum time step T, explo-

ration noise Oy, actor training parameter w}, critic

training parameter 0, critic learning rate «, actor

learning rate 3 of each agent.

Obtain initial state s of each agent.

Reset the environment.

while t = 1, " do
Select action a} = &(st) + Oy for action explo-

ration based on the fixed behaviour policy ¢ and the

exploration noise O;.

6:  Execute action aj, compute reward rj,; and
acquire new state sj, ;.

7: Store transition (s}, ay,r},s;, ;) in the replay
buffer R.

8: Sample a minibatch (s{,a},r{,si, ;) from tran-
sitions in Rj.

9: Calculate the temporal difference error:

10: 0f =1y + Age(si1.ajiy) — go(st, ap).

11: Update the critic training parameter:

12: 07,1 =0} + adiVog(si,al).

13: Update the actor training parameter:

14: wi g = f + BVum(s)Vaga(sh, a')|aizr, (s1)-

15: Deploy consensus-based training strategy on the
critic and the actor training parameter of each agent:

16: 07,1 =Ci (0F, 1, Lir)-

17: o:)é+1 = Cl wfﬂ, lzk)

18: end while

IV. EXPERIMENTS AND RESULTS

This section validates the practicality of the multi-
agent training algorithm. The training process was car-
ried out on a laptop with an Intel Core i7 CPU (2.6 GHz)
with 16 GB RAM and Nvidia GTX 2070 super.

A. Training Details

The proposed method was trained in Robot Operating
System (ROS) [24] and Gazebo [25]. Experiments were
carried out with Turtlebot3 Burger mobile robots in both
simulated and real-world environments. For each mobile
robot, the maximum laser range is set to 3.5 m. The
actor learning rate 8 and the critic learning rate « have
a fixed value of 0.0001. The discounted factor A is set at
a constant value of 0.9. The action exploration adheres to
the e-greedy exploration strategy [26]. We initialize € at
0.9 and employ a decay rate ¢ = 0.99995. The maximum
time step T is 60000.

B. Comparison with the Baseline Method

We applied actor-critic-based DRL to train a single
mobile robot as a baseline for comparison with the
proposed multi-agent training algorithm, as can be seen
from Fig. 5. The benchmark for comparison is derived
from the average reward achieved during training. The
average reward is determined by taking the mean of
rewards collected within a predefined batch size. In com-
parison to the baseline method, our proposed algorithm
exhibits a quicker training speed. With the proposed
algorithm, each mobile robot attains a training reward
of 60 at approximately 7000 training steps, whereas
the baseline method requires around 45000 training
steps to achieve the same training reward. Compared to
single-agent DRL, the proposed algorithm reduces the
number of required training steps while ensuring the
same training reward.

80
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Fig. 5: Average reward graph of the proposed method
with six mobile robots compared with single-agent base-
line method.

C. Evaluation of Consensus Training

(@) (b)

Fig. 6: Interaction topology of varying numbers of mo-
bile robots: (a) Six robots; (b) Three robots

In this section, we aim to investigate the impact
on consensus speed as the number of training agents



varies. The interaction topology of varying numbers of
mobile robots is depicted in Fig. 6. Fig. 7 illustrates the
average reward obtained when employing the proposed
method with three mobile robots. Each mobile robot
reaches a training reward of 60 at roughly 34000 training
steps with the proposed algorithm, while the baseline
method demands approximately 45000 training steps to
attain the same training reward. Compared with Fig. 5,
a larger number of mobile robots participating in the
proposed method can expedite the consensus speed,
thereby reducing the number of required training steps
while maintaining the same training reward.
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Fig. 7: Average reward graph of the proposed method
with three mobile robots compared with single-agent
baseline method.

D. Evaluation of Real-world Environment

Fig. 8: Real-world testing environment of the Turtlebot
with three random static obstacles.

The training model derived from the proposed method
has been deployed on the Turtlebot3 Burger for real-
world evaluation, as shown in Fig. 8. The objective is to
accomplish mapless navigation to the goal while ensur-
ing random obstacle avoidance. As can be seen from
Fig. 9, three random static obstacles are successfully

detected by the Turtlebot since there are laser rays (green
dots) around each obstacle. The green line in Fig. 9
represents the trajectory of the Turtlebot. The proposed
training model successfully guides the Turtlebot to the
designated goal without colliding with any random static
obstacle, which validates the effectiveness of our pro-
posed algorithm.

Goal

Turtiebot [@]

" Obstacle 3

\ r' :'."-. 3

Obstacle 2

Obstacle1

.q' Initial

Position!

Fig. 9: Trajectory map of the Turtlebot with three random
static obstacles.

Fig. 10: Real-world testing environment of the Turtlebot
with sudden obstacles.

In order to demonstrate that our algorithm does not
rely on maps for Turtlebot navigation, we remove ob-
stacle 2 and obstacle 3 without updating the map and
introduce an unexpected obstacle during the ongoing
Turtlebot navigation process, as depicted in Fig. 10. It
can be observed from Fig. 11 that obstacle 2 and obstacle
3 are no longer in their original position since there are
no laser rays (green dots) around them. Nevertheless,
a sudden obstacle has been successfully identified and
avoided by the Turtlebot during its navigation process.
To sum up, the proposed method demonstrates its capa-
bility in both mapless navigation and handling sudden
obstacles.

V. CONCLUSION

In this paper, a consensus-based DRL algorithm is
introduced to enable multiple robots to conduct map-
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11: Trajectory map of the Turtlebot with sudden
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less navigation and exploration. The proposed algorithm
leverages both consensus-based training and DRL, re-
sulting in a reduction in the required training steps while
maintaining the same training reward. Following training
with fixed obstacles in simulation, the proposed training
model can effectively handle random static obstacles and
sudden obstacles in the real world. In the future, further
optimization of the proposed approach will be explored
to address more complex scenarios.
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