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Abstract: Compared with the single robot system, a multi-robot system has higher efficiency and
fault tolerance. The multi-robot system has great potential in some application scenarios, such
as the robot search, rescue and escort tasks, and so on. Deep reinforcement learning provides a
potential framework for multi-robot formation and collaborative navigation. This paper mainly
studies the collaborative formation and navigation of multi-robots by using the deep reinforcement
learning algorithm. The proposed method improves the classical Deep Deterministic Policy Gradient
(DDPG) to address the single robot mapless navigation task. We also extend the single-robot
Deep Deterministic Policy Gradient algorithm to the multi-robot system, and obtain the Parallel
Deep Deterministic Policy Gradient (PDDPG). By utilizing the 2D lidar sensor, the group of robots
can accomplish the formation construction task and the collaborative formation navigation task.
The experiment results in a Gazebo simulation platform illustrates that our method is capable of
guiding mobile robots to construct the formation and keep the formation during group navigation,
directly through raw lidar data inputs.

Keywords: multi-robot; collaborative navigation; deep reinforcement learning

1. Introduction

Autonomous navigation for mobile robots is one of the most practical and essential challenges
in robotics. The navigation systems for mobile robots mainly rely on the localization in a given
map and the decision-making system. The relative technique for localization is called Simultaneous
Localization and Mapping (SLAM) [1,2], which can obtain the map of the environment and get
the robot poses simultaneously. In addition, the corresponding decision-making system which
consists of planning [3–7] and control [8–10] would generate a safety trajectory and control the
mobile robot to follow it until reaching the goal. The decision-making system plays an important role
to connect the preceding localization stage and the following manipulation stage. This paper provides
a decision-making method to address the core problem of robot navigation. We particularly focus on
dealing with the motion planning and control problems with a navigation method based on the deep
reinforcement learning.

The traditional decision-making system of the mobile robot can be hierarchically structured into
four components, the route planning, the behavioral decision-making, the motion planning and the
robot control [11]. For indoor navigation tasks, the decision-making system can be simplified into
the motion planning part and the navigation control part. The mobile robot is supposed to plan a
trajectory from its current position to the target destination with the specific indoor environment.
Then, the motion controller will guide the mobile robot precisely follow the trajectories to the target
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position. The required efficient motion planning strategies and stable motion controllers are mainly
based on the mathematical computations and geometric relationships. Although useful in many
situations, the applicability of traditional decision-making systems is limited by their flexibility and
versatility. The complexity of the environment and the dynamic obstacles can both increase the
computational efficiency and decrease the navigation performance. In addition, the errors of each
step will be accumulated to the end. Furthermore, most of the traditional methods can’t address the
mapless navigation tasks in the complex environment. However, there are many practical situations in
which the mobile robots can’t obtain the accurate map of the environment and only have the relative
position relationship between the mobile robots and the targets. Thus, we proposed an end-to-end
policy module with the raw sensor inputs to address these issues in mapless navigation tasks.

The deep reinforcement learning techniques have been greatly developed and widely applied in
various fields of study. This kind of technical training the agent is conducted through the interaction
trajectories between the agent and the environment. Intuitively, the character of interactive learning is
quite similar to humans. When we consider the mapless navigation tasks, with a given target value
and the current position, one person is likely to find the target position heuristically with his intuition.
If one person is informed about the relative position values or the polar relationship to the target, he
can easily find the target position based on the prior knowledge and the basic navigation strategies
in an indoor environment. Compared with the traditional navigation methods, one human has a
more efficient way to navigate without computing the precise mathematical module of the unknown
environment. In addition, the deep reinforcement learning technique paves the way to accomplish
the robot mapless navigation tasks like humans. With the aim of teaching the robot to navigate like
humans, this work presents an approach to training the robot to navigate with the human intuition. By
utilizing the proposed deep reinforcement learning method, the policy module of the mobile robot can
make decisions through the raw 2D lidar sensor data and navigate to the target position in an indoor
environment.

When we extend the navigation tasks to the multi-robot system, the coordination between a
group of mobile robots becomes more complex. Similarly, we analyze the human intuition to get
the inspiration. If there are a group of humans navigating in the unknown indoor environment,
they would communicate and collaborate with each other to attain the goal. There are several forms
of communications such as sharing the experience and observations. For a multi-robot navigation
system, the robots can share the sensor observations, the training data and the relative state parameters.
Inspired by the analysis of human intuition, our work provides a new insight into the multi-robot
collaborative navigation task with deep reinforcement learning. By sharing the training experience
and observing the states of other robots, the multi-robot system can keep the formation during
group navigation.

In our proposed method, we assume that the relative position values of the targets are easily
acquirable for the robots via cheap localization solutions such as WiFi [12] and QR code [13].
By improving the classical deep reinforcement learning methods, the proposed algorithm can
accomplish the single robot mapless navigation task with human intuition. We also extend the
method into the multi-robot navigation cases with some useful training strategies, and then evaluate
the performance in the simulation platform. Particularly, the contributions of this paper can be
summarized as follows:

1. We improve the classical Deep Deterministic Policy Gradient (DDPG) to address the end-to-end
single robot mapless navigation problems directly through the raw lidar data inputs.

2. The Parallel Deep Deterministic Policy Gradient (PDDPG) is proposed to accomplish the
multi-robot formation construct and the formation keeping during collaborative navigation.
We also evaluate the proposed methods in the Gazebo simulation platform.

This paper is organized as follows: Section 2 describes the deep reinforcement learning algorithms
and their applications in robot navigation tasks. In Section 3, an overview of the proposed algorithm
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is presented. The methods for different situations and the training details are described separately.
Section 4 presents the evaluations of the proposed methods in the simulated environment and analyzes
the experiment results. Section 5 concludes this work.

2. Related Works

Benefiting from the development of the deep neural networks, the deep reinforcement learning
techniques show great potential for solving the decision-making tasks. By deploying deep neural
networks as powerful nonlinear function approximators, the deep reinforcement learning algorithms
can handle the complex decision-making problems with high-dimensional state and action spaces.

2.1. Deep Reinforcement Learning

With the aim of maximizing the expected return of behaviors, deep reinforcement learning
considers the agent learning a good policy by interacting with its environment. Mnih et al. [14]
first kickstarted the revolution in deep reinforcement learning. They proposed the deep Q network
(DQN) that could learn to play Atari 2600 games at a superhuman level only based on the image
inputs. This work convincingly demonstrates that deep reinforcement learning agents can be trained
with high-dimensional observations. The later research [15–20] updated these kinds of methods and
promoted the performance in the subproblems of the Atari games.

The second standout success of the deep reinforcement learning was the AlphaGo [21].
The AlphaGo merged the supervised learning and the Monte Carlo Tree Search (MCTS) [22] techniques
into the deep reinforcement learning framework, and defeated the world champion human in Go by
learning from human knowledge. After the AlphaGo received widespread attention, the AlphaGo
Zero [23] defeated the AlphaGo completely. Unlike utilizing the human knowledge in the training
stage, the AlphaGo Zero mastered the game of Go through self-play. Furthermore, the researchers
extended the AlphaGo Zero to the other board games and proposed the AlphaZero [24].

2.2. Deep Reinforcement Learning for Navigation

Besides the well-known works in Games, the DRL algorithms also have been successfully applied
to a wide range of problems, such as manipulators [25] and mobile robots [26,27]. In this section, we
discuss the research about the mobile robot navigation tasks.

With the progress of the deep learning techniques, the powerful representation capabilities shed a
new light on learning control policies directly from raw sensor inputs with the reinforcement learning
framework. In recent years, there have been lots of proposed methods to tackle the autonomous
navigation tasks with deep reinforcement learning algorithms. To address the navigation problems
in reinforcement learning ways, these methods formulate the navigation process as the Markov
decision process(MDP) 111 or partially observable Markov decision process(POMDP), and stack the
observations from sensor readings as the states. Then, the methods will find the optimal policy module
that is capable of guiding the robot to the target position.

Kretzschmar et al. [28] and Pfeiffer et al. [29] used the maximum entropy inverse reinforcement
learning (IRL) methods to learn interaction models for pedestrians from demonstration in occupied
environments. Zhu et al. [30] used the image of the target object and the current observation as the
input to the Siamese actor–critic model. Then, they formulated their task as a target-driven navigation
problem, and evaluated the performance in an indoor simulator [31]. Zhang et al. [32] proposed a
deep reinforcement learning algorithm based on the successor features, which can transfer knowledge
from previous navigation problems to new situations. By using additional supervision signals from
auxiliary tasks, Mirowski et al. [33] greatly boosted the training and improved the task performance of
their DRL algorithm in 3D mazes navigation tasks. Unlike addressing the navigation tasks in the static
environment, Chen et al. [34] developed a time-efficient navigation method in dynamic environments
with pedestrians. Moreover, Long et al. [35,36] extended the robot navigation task to the multi-robot
case, and focused on addressing the collision avoidance problem.
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2.3. Multi-Agent Deep Reinforcement Learning

If we ignore the the kinematics and only consider the behavior strategies of the group of robots,
there have been plenty of novel works called multi-agent reinforcement learning (MARL) in recent
years. Raileanu et al. [37] proposed a new approach for learning in self other-modeling. This method
used its own policy to estimate the other agent’s actions and updated its belief of the hidden state.
Then, the estimations were used to choose new actions. Yang et al. [38] simplified the communication
of agents into an average effect. By introducing the mean-field theory, they mainly studied one agent
with the average effect of the others. Wang et al. [39] estimated an opponent’s future behavior by
utilizing the history information. Tacchetti et al. [40] proposed the relational forward models to address
the MARL tasks. They added the relational graph model in the action making stage, and used the
recurrent neural network (RNN) to model the relationships between agents. However, with the ideal
assumptions, there is still a lot of work to do if we want to apply these methods to the multi-robot
navigation tasks.

3. Methods

In this section, we first formulate the problem for Multi-Robot collaborative navigation. Then, we
describe our Parallel Deep Deterministic Policy Gradient (PDDPG) method for this task.

3.1. Problem Formulation

This paper aims to provide an end-to-end navigation method for multi-robot systems. We try to
find such a learnable policy module π:

ai
t = π(xi

t, ϕi
t, ai

t−1), (1)

where xi
t is the observation from the raw lidar sensor information of robot i at timestep t, ϕi

t is the
relative parameters about the target, and ai

t−1 is the control action in the last timestep. In the multi-robot
reinforcement learning system, these inputs can be regarded as the state of whole system st = (xt, ϕt).
For a single robot at each timestep t, the robot makes observations st ∈ S and selects actions at ∈ A
with respect to its policy π : S → P(A), which maps states to a probability distribution over the
actions. Then, the robot can receive the reward r(st, at) and arrive at the next state. The state-action
value function describes the expected return of a state-action trajectory according to π. It is commonly
used to evaluate the quality of a policy as defined in Equation (2):

Qπ(s, a) = E
[

∞

∑
t=0

γtr (st, at)

]
where st ∼ p (·|st−1, at−1) , at = π (st) . (2)

The recursive form of the state-action value function, known as the Bellman equation, can be
defined as Equation (3). The policy module π directly maps the state perception to the control law of
robots with the collaborative consideration. E represents the environment. In addition, the notation ∼
means the former variable follows the distribution of the latter:

Qπ (st, at) = Ert ,st+1∼E
[
r (st, at) + γEat+1∼π [Q (st+1, at+1)]

]
. (3)

In order to get a good policy module π, the multi-robot system has to overcome several challenges.
First of all, it is difficult to extract valuable information from the raw sensor data and merge it properly
with the relative parameters of robot state. Then, based on the processed information, a policy module
needs to learn a stable transition rule between the perceptions and the decision to make. Additionally,
the robots need to avoid the collision and consider the collaboration in some situation.
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3.2. Single-Robot End-to-End Navigation

To accomplish the final goal, we start at the single robot navigation case in this section. In the
end-to-end mapless navigation tasks, the relationship between the perception inputs and the output
control law can be very complex. In our work, we consider a number of modifications to the Deep
Deterministic Policy Gradient (DDPG) and use it as the basic framework.

3.2.1. Basic Reinforcement Learning Framework

Classical Deep Deterministic Policy Gradient (DDPG) [41] is a kind of remarkable reinforcement
learning algorithm to address the continuous control problem. As we all know, the trade-off between
the exploration and the exploitation is one of the most important problems in the reinforcement learning
field. To increase the sample efficiency, the DDPG uses the deterministic target policy µ : S ← A rather
than the stochastic policy π, and the corresponding exploration decrease is made up of the off-policy
technique. The Bellman equation can be rewritten as Equation (4), where the γ term represents the
discount factor of the equation:

Qµ (st, at) = Ert ,st+1∼E [r (st, at) + γQµ (st+1, µ (st+1))] . (4)

At each timestep, the actor networks and the critic networks are updated by sampling a minibatch
uniformly from the memory buffer. The algorithm also creates a copy of the actor and critic networks,
Q′
(

s, a|θQ′
)

and µ′
(

s|θµ′
)

, respectively; these target networks are then updated softly by the learned

networks: θ′ ← τθ + (1− τ)θ′ with τ � 1. This trick can greatly improve the stability of learning.
The loss function for the critic networks can be formulated as Equation (5):

L =
1
N ∑

i

(
yi −Q

(
si, ai|θQ

))2
, where yi = ri + γQ′

(
si+1, µ′

(
si+1|θµ′

)
|θQ′

)
. (5)

In addition, the actor networks can be updated by using the sampled policy gradient as shown in
Equation (6):

∇θµ J ≈ 1
N ∑

i
∇aQ

(
s, a|θQ

)∣∣∣∣∣
s=si ,a=µ(si)

∇θµ µ (s|θµ)

∣∣∣∣∣∣
si

. (6)

3.2.2. Network Structure

Owing to the structure of the 2D lidar data, we add one-dimensional, convolutional neural
network (CNN) layers to the feature extraction part. To enrich the perception information of the policy
module, some relative parameters about the target are added to our framework. It enables the policy
module to simultaneously consider the sensor observation and the robot state information. Both of
them are essential for efficient navigation.

As shown in Figure 1, the raw lidar sensor data are filtered into 180 dimensions as inputs.
As mentioned before, there are two kinds of neural networks in our module. One is the actor network
and the other is the critic network. Both of them use three one-dimensional, CNN layers for feature
extraction. After the data feature extraction, the networks use residual building blocks with shortcut
connections [42] to reduce the training complexity. Then, we pack the target distance, the target angle
and the actions at the last timestep as the state parameter set. The state parameter set and the lidar data
feature extraction will be fused together and fed to the actor and critic networks at the same time. For
the actor network, the fusion data will pass three fully connected layers and output the linear velocity
and angular velocity through different activation functions. Besides controlling the robot navigation,
the output of the actor network will be transmitted to the critic network. The output action, the state
parameter set and the feature extraction of the critic network will be fused into one data stream. After
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passing through four fully connected layers, the data stream will finally become a Q value to evaluate
the policy and train the networks.

Lidar Data | 180

Conv | 64 | (1,7) | 3 | BN | ReLU

MaxPooling | (1,3)

Conv | 64 | (1,3) | 1 | BN | ReLU

Conv | 64 | (1,3) | 1 | BN 

ReLU

AvgPooling | (1,3)

FC | 512 | ReLU

FC | 256 | ReLU

FC | 128 | ReLU

FC | 1 | SigmoidFC | 1 | Tanh

Lidar Data | 180

Conv | 64 | (1,7) | 3 | BN | ReLU

MaxPooling | (1,3)

Conv | 64 | (1,3) | 1 | BN | ReLU

Conv | 64 | (1,3) | 1 | BN 

ReLU

AvgPooling | (1,3)

FC | 512 | ReLU

FC | 256 | ReLU

FC | 128 | ReLU

Q

�, �, ( , )��−1 ��−1

FC | 1 | Linear

Actor Network Critic Network

( , )�� ��

Figure 1. The structure of the modified Deep Deterministic Policy Gradient for single robot mapless
navigation tasks.

3.2.3. Reward Shaping

The reward function plays an important role in reinforcement learning: it greatly influences
the navigation of the robot system and serves as the truth holder of the learning process. For the
single robot mapless navigation task, the reward function shown in Equation (7) consists of three
different parts: the arrival award, the collision penalty and the approaching award. If the distance
value between the robot and the target point is less than the arrival threshold, the robot can get a
positive reward rarrive if the robot collides with the obstacles during navigation. In other words, one of
the lidar distance observations is less than the safety threshold. The robot will get a negative reward
rcollision. To enable the intuition of approaching the target, we add the approaching award to the robot,
where the reward is noted as k(ρt−1 − ρt). The k term is a constant to adjust the amplitude of the
approaching reward. The ρ term represents the distance between the target and the mobile robot at
timestep t. To unify the range of different parameters, they will be normalized before utilizing:

r(s, a) =


rarrive (ρ < dgoal)

rcollision (min(d1, d2, ..., d180) < dcollision)

k(ρt−1 − ρt) (At each time step t).

(7)

3.2.4. The Switchable Controller

Even if we formulate the reward function to encourage the robot to navigate efficiently and
safely, the state space of the robot navigation is still large. Utilizing the switchable controller is an
intuitive way inspired by imitation learning. For example, if the robot is close to the obstacle, the basic
navigation rules will give a large angle velocity to control the robot in order to avoid crashing.

When the robot starts training, the switchable controller can guide the robot to follow some
basic navigation rules, rather than randomly exploring in the unknown environment. In addition, the
probability of choosing the basic controller will decrease slowly. This means that the robot mainly
learns the navigation policy from the basic controller at the beginning, and the basic controller plays
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an important role as an expert. The trajectories saved in the experience memory will teach the basic
navigation rules to the robot. After learning the basic navigation rules, the robot will gradually
increase the probability of choosing the learned navigation policy. With that practical framework,
the distribution of the policy module can converge to the appropriate shape faster than random
exploration.

3.3. Multi-Robot Collaborative Navigation

In this section, we would extend the single navigation algorithm to the multi-robot situation.
In the multi-robot system, the observations of each robot are contained by the other robots, the others
can be regarded as the dynamic obstacles. If the group of robots don’t know how to collaborate with
others, they will interfere during navigation.

3.3.1. Parallel Deep Deterministic Policy Gradient

To address the aforementioned issues, we proposed a parallel deep deterministic policy gradient
(PDDPG). Compared with the improved DDPG for a single robot mapless navigation task, the PDDPG
algorithm trains the robots in parallel. The algorithm attains the target of a whole multi-robot system
by sharing the experience memory data and the navigation policy. The robots of the system use the
same policy module to make decisions, and the trajectories of robots will be saved in the shared
experience replay buffer. The basic network structure unit of the PDDPG algorithm is the same as
improved DDPG. We only modify the input dimension of lidar observations and the robot states.

3.3.2. Curriculum Design for Reward Shaping

In the last section, we modified the network structure and proposed the PDDPG to address
multi-robot navigation tasks. Besides the good network structure like PDDPG, proper reward
formulation is one of the most essential parts of enabling a collaborative capability for a multi-robot
navigation system.

When the robots navigate in a mapless environment, the reward would be very sparse.
PDDPG would took a long time to converge to a satisfying policy module. A direct training with
PDDPG on the collaborative navigation task with eight robots does not yield acceptable performance.
To address this issue, we use the curriculum learning [43] which trains the robot with a sequence
of progressively more difficult tasks. It paves the way to train the agent to accomplish the difficult
tasks. In our proposed method, we only divide the collaborative navigation task into two stages. First,
the group of robots needs to construct the formation. In addition, then the robots would be trained to
keep the initial formation during navigation.

For the formation construction task, we adjust the reward function of the single robot navigation
task to the multi-robot version. The approaching reward of each robot would be summed up as a
group approaching reward, as shown in Equation (8). When any of the robots collide, the environment
will be reset and the episode will be ended. In the view of training a good reinforcement learning agent,
terminating the episode at an appropriate step can efficiently accelerate the agent training. After that,
we train the robot to accomplish the collaborative navigation task based on the formation construction
policy module. Besides the aforementioned reward, we add the formation constraints in the group
reward term r f ormation. This term represents some deformation penalties in our system. Specifically,
the algorithm calculates the distances between the robots and save their ratios at the first timestep.
When the group of robots are navigating, the algorithm would check the distance ratios and give
relative rewards. Moreover, if the speed of one robot is much higher than the mean, the formation
keeping constraints would penalize the robot:
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r(s, a) =



rarrive (ρ < dgoal)

rcollision (min(d1, d2, ..., d180) < dcollision)

Σn
1 k(ρi

t−1 − ρi
t) (At each time step t)

r f ormation (Only at the f ormation keeping stage).

(8)

4. Experiments

To evaluate the performance of our PDDPG algorithm, sufficient experiments are illustrated
in the simulation platform. To construct the whole navigation environment of the mobile robots,
the simulation is built by a robot simulator named Gazebo, which is used for fast moduling and
validating the proposed PDDPG algorithm. The proposed method is implemented on a PC with 15.6 G
memory, i7-7700 CPU and Geforce GTX1080Ti on an Ubuntu16.04 operating system.

4.1. Mobile Robot Construction

Robot Operating System (ROS) is a robotics middleware; it provides various tools and services
designed for robot research, such as package management, hardware abstraction and the low-level
device control. This work utilizes the Gazebo simulation platform to construct the simulation
environment. Gazebo is a well-designed simulator with a robust physics engine and ROS support. It
offers the ability to rapidly design robots and test algorithms. By using the gym-Gazebo toolkit [44],
the deep reinforcement learning agent could be trained on the Gazebo platform efficiently.

As shown in Figure 2a, we build differential driven robot modules in simulation, and add the 2D
lidar sensor to perceive the environment. The perception angle of 2D lidar is 270◦ with 0.25◦ resolution.
The measurement distance of the lidar is from 0.1 m to 30 m, and the frequency of it is 40 Hz. As shown
in Figure 2b, the blue lines represent the lasers. When the lasers are blocked by the barriers, each laser
will return a distance measurement to the lidar sensor. If the distance measurement is longer than
30 m, the return value will be restricted at 30 m.

(a) Robot Module (b) Laser Visualization

Figure 2. (a) the module of mobile robots in our Gazebo simulation platform; (b) the visualization of
the lasers.
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4.2. Single-Robot Experiments

In this section, we discuss the single robot mapless navigation task. The training procedure of our
robot is implemented in the indoor scene simulated by Gazebo. We train our robot in several indoor
scenes with different obstacle placement. We randomly set the robot at the start position with different
initial directions. To guarantee the variety of the navigation trajectories and overcoming the overfitting,
the targets are randomly chosen outside the restricted zone within the indoor scenes. It can reduce the
gap between the training and testing of the policy module.

In the simulation environment, the training procedure can be sped up 10 times. With the
simulation acceleration, the control frequency of the mobile robot can reach 100 Hz. The safety
threshold of the mobile robot is defined as 0.3 m. In addition, the arrival threshold is also defined as
0.3 m. In other words, if the distance between the mobile robot and the target is less than 0.3 m, this
episode will be terminated. Other parameters of the single robot experiments are illustrated in Table 1.

Table 1. Hyperparameters of the networks on a single-robot navigation task.

Parameter Batch Size Max Step LR (Actor) LR (Critic) Discount Buffer Size Explore Decay

Value 128 800 0.001 0.0001 0.99 100,000 0.998

To compare the performance between the improved DDPG and the classical DDPG, we trained
both of them with the same hyperparameters. As shown in Figure 3, the negative Q value of the
improved DDPG illustrated by the orange line has a steady decline, while the negative Q value of
the classical DDPG illustrated by the blue line increases slightly. Since the Q value evaluates the
performance of the policy module, this means the improvement of DDPG becomes better during
training, and the classical DDPG falls into local optimum. By analyzing the experiment results, we can
infer that the modification in the improved DDPG can address the single robot mapless navigation
tasks properly.

Figure 3. The negative Q value comparison between the improved deep deterministic policy gradient
(DDPG) and the classical deep deterministic policy gradient(DDPG) and the classical DDPG of the
single robot navigation experiments.

For the navigation task that has a high-dimensional decision space, the improved DDPG with
the switchable controller and the prioritized experience replay [17] technique can quickly constrain
the searching field of policy module. Then, the policy module will be improved gradually. In the
simulation environment, the robot with classical DDPG has the possibility to go around in circles. In
addition, the robot with improved DDPG can arrive to the target position in most cases. We tested the
improved DDPG policy module in the training environments 80 times, and its arrival rate can even
reach 95%. When we move it to the unseen environment, the arrival rate declines to 87.5%. Figure 4
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shows the single robot navigation experiments with the improved DDPG. The left part shows the
simulation environment, and the right part illustrates the navigation trajectories of the mobile robot.
The trajectories are separately visualized by the Rviz toolkit. The robot starts to navigate from the star
and ordinally traverses through target 1 to target 6. When the robot arrives at target 6, it will set target
1 as the next destination and repeat this cycle.

4.3. Multi-Robot Experiments

Based on the single robot navigation results, we discuss the experiments of the multi-robot
navigation tasks in this section. The proposed Parallel Deep Deterministic Policy Gradient
(PDDPG) algorithm will be evaluated and analyzed carefully. With the curriculum learning setup,
the experiments would be illustrated in a two-stage arrangement: the formation construction and the
collaborative navigation.

Figure 4. The trajectory of the mobile robot in the single robot mapless navigation tasks. The left part
is the navigation environment in Gazebo, the right part is the trajectory of the mobile robot.

4.3.1. Formation Construction

In the formation construction experiments, eight mobile robots are deployed in the indoor scene.
The robots are initialized at different positions with various environmental characteristics. We set the
target formation of the robots as a rectangle; then, the eight robots will be trained together with the
proposed Parallel Deep Deterministic Policy Gradient (PDDPG) algorithm. The hyperparameters of the
PDDPG are listed in Table 2. In the training stage, we add the random bias to the target position values in
each episode. It can enrich the formation data and reduce the overfitting problem of multi-robot training.
Figure 5a,b illustrate one of the formation construction experiments in the testing stage. Figure 5a shows
the initialization of the multi robot system; the robots are deployed in the indoor scene with various poses.
Figure 5b shows the final results of the formation construction task. The curves with different colors
represent the navigation trajectories of different mobile robots. As illustrated in the figures, all the mobile
robots arrive at the target and construct the formation properly.
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(a) Initial State (b) Formation Construction

Figure 5. (a) the initial state of the group of mobile robots; (b) the terminal state of the group of mobile
robots after accomplishing the formation construction navigation.

Table 2. Hyperparameters of the networks on multi-robot navigation tasks.

Parameter Batch Size Max Step LR (Actor) LR (Critic) Discount Buffer Size Explore Decay

Value 256 2000 0.0001 0.0001 0.99 500,000 0.998

4.3.2. Collaborative Navigation

After obtaining a good policy module in the formation construction task, we use it as the
pretrained module in this section. The collaborative reward functions and the constraints are added in
these experiments. As shown in Figure 6, the group of mobile robots can keep the rectangle formation
during navigation. The trajectories of different mobile robots are illustrated by the colorful curves. In
addition, the mobile robots at several timesteps are merged into one figure after getting the trajectory.

Figure 6. The trajectory of the multi-robot collaborative navigation.

To evaluate the versatility of the multi-robot navigation module, we also evaluate the module with
the arrow formation. Figure 7 consists of four different figures, and they are recorded at the different
timesteps. The intersection point of three colorful lines represents the origin of the environment.
The group of robots navigated from the bottom left to the top right. This experiment illustrates that the
mobile robots can keep the arrow formation during navigation.



Appl. Sci. 2019, 9, 4198 12 of 15

Figure 7. The arrow formation of the multi-robot navigation system.

As illustrated in the collaborative navigation experiments, we mainly evaluate the formation
keeping navigation tasks in the simulation environment without obstacles, since the distance of the
obstacles can influence the performance of formation keeping. Generally, the multi-robot collaborative
navigation task with formation keeping has two levels: one is the formation keeping navigation;
the other is the multi-robot obstacle avoidance in a complex environment with constant formation.
In this paper, we mainly focus on the former. In our work, the policy module of a collaborative
navigation task utilizes the pre-trained policy module in the formation keeping task. There is lots of
prior knowledge about obstacle avoidance that has been learned in the pre-trained module. Thus, the
collaborative navigation module is sensitive about the obstacles. If there are obstacles in the navigation
path, the formation of mobile robots can’t keep the neat shape. The size of the obstacles can also
influence the performance of formation keeping. In this paper, we mainly illustrate the formation
keeping navigation tasks in the simulation environment without obstacles. In addition, we will address
the multi-robot obstacle avoidance in a complex environment with constant formation keeping in
future work.

To discuss the execution time of our method, we add the experiments to compute the execution time
for the proposed Parallel Deep Deterministic Policy Gradient (PDDPG) algorithm. Since our end-to-end
policy module can directly obtain the linear velocity and angular velocity through the raw sensor data,
we can infer the execution time by computing the navigation velocity of the multi-robot system. There are
two kinds of times in the Gazebo simulation platform: the simulation time and real time. The platform
can accelerate the simulation or slow it down to fit specific tasks. To speed up the experimental efficiency,
our work accelerates the simulation during training. Thus, we convert the simulation time to real time
and compute the velocity of our multi-robot navigation system. As shown in Table 3, the group of robots
navigates in four different kinds of trajectories with rectangular formation. The navigation distances,
the time durations and the execution velocities are listed as follows. According to the results, we can infer
that our method has an acceptable execution time.

Table 3. Experiments related to the navigation velocities of the multi-robot system.

Trajectory Type Straight Line L Shape Rectangular Shape S Shape

Distance (m) 12.73 18.50 35.50 35.50
Time (s) 5.01 8.45 18.49 18.98

Velocity (m/s) 2.54 2.19 1.92 1.87

5. Conclusions

This work mainly studied the collaborative formation and navigation of multi-robot system by
using the deep reinforcement learning algorithm. By taking the raw 2D lidar sensor data and the
relative target positions as inputs, the proposed Parallel Deep Deterministic Policy Gradient (PDDPG)
algorithm could directly control the group of mobile robots to construct the formation and maintain it
during navigation. The end-to-end policy module for mapless navigation was evaluated both in the
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single-robot situation and the multi-robot situation. Our experimental results demonstrated that the
proposed method could teach the multi-robot system to learn human intuition and accomplish the
collaborative navigation tasks with a high arrival rate.
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