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Abstract

In order to achieve collision-free path planning in complex environment, Munchausen deep Q-learning network (M-DQN)
is applied to mobile robot to learn the best decision. On the basis of Soft-DQN, M-DQN adds the scaled log-policy to the
immediate reward. The method allows agent to do more exploration. However, the M-DQN algorithm has the problem of slow
convergence. A new and improved M-DQN algorithm (DM-DQN) is proposed in the paper to address the problem. First, its
network structure was improved on the basis of M-DQN by decomposing the network structure into a value function and an
advantage function, thus decoupling action selection and action evaluation and speeding up its convergence, giving it better
generalization performance and enabling it to learn the best decision faster. Second, to address the problem of the robot’s
trajectory being too close to the edge of the obstacle, a method of using an artificial potential field to set a reward function is
proposed to drive the robot’s trajectory away from the vicinity of the obstacle. The result of simulation experiment shows that
the method learns more efficiently and converges faster than DQN, Dueling DQN and M-DQN in both static and dynamic

environments, and is able to plan collision-free paths away from obstacles.

Keywords Deep reinforcement learning - DM-DQN - Path planning - Dueling network

Introduction

With the development trend of artificial intelligence, the robot
industry is also developing towards the intelligent direction
of self-learning and self-exploration [1]. The path planning of
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mobile robot is the core problem of robot motion, and its aim
is to find an optimal or suboptimal path without collision from
the starting point to the ending point. With the development of
science and technology, robots face more and more complex
environment, and in the unknown environment, we cannot
get the information of the whole environment. Therefore,
the traditional path planning algorithm cannot meet the needs
of people, such as artificial potential field algorithm [2, 3],
ant colony algorithm [4], genetic algorithm [5], and particle
swarm algorithm [6].

For the problem, deep reinforcement learning (DRL) is
proposed [7, 8]. DRL combines deep learning (DL) [9] with
reinforcement learning (RL) [10]. Deep learning focuses on
the extraction of features from the input unknown environ-
mental states by means of neural network to achieve a fit
between the environmental states and the action value func-
tion. Reinforcement learning then completes the decision
based on the output of the deep neural network and the explo-
ration strategy, thus enabling the mapping of states to actions.
The combination of deep learning and reinforcement learning
solves the dimensional catastrophe problem posed by state-
to-action mapping [11] and better meet the needs of robot
movement in complex environment.
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Mnih et al. [12] proposed deep Q-learning Network
(DQN) in GoogleDeepMind, a method that combines deep
neural network with Q-learning in reinforcement learning
[13] and validates its superiority on Atari 2600. Wang et al.
[14] divided the entire network structure into two parts,
one for the state value function and one for the dominance
function, by altering the structure of the neural network in
DQN. The improvement can significantly improve the learn-
ing effect and accelerate the convergence. Haarnojaetal. [15]
introduced maximum entropy into reinforcement learning.
The introduction of entropy regularization makes the strat-
egy more random and so adds more exploration, which can
speed up subsequent learning. Vieillard et al. [16] add scaled
log-policy to the immediate reward, based on maximum
entropy reinforcement learning, to maximize the entropy
of the expected payoff and the resulting strategy, the algo-
rithm (M-DQN) is also the first to outperform distributed
reinforcement learning [17] without the use of distributed
reinforcement learning.

Some progress has been made in applying deep reinforce-
ment learning to path planning for agent. Dong et al. [18]
combined Double DQN and average DQN to train the net-
work parameters to reduce the problem of overestimation
[19] of robot action selection. Huang et al. [20] solved the
problem that relative motion between a moving obstacle and
a robot may lead to anomalous rewards by modifying the
reward function and validating it on the DQN and Dueling
DQN algorithms. Lou et al. [21] combined a deep reinforce-
ment learning approach with DQN and prior knowledge to
reduce training time and improve generalization. Yan et al.
[22] used a long short-term memory (LSTM) network and
combined it with Double DQN to enhance the unmanned
ground vehicle’s ability to remember its environment. Yan
et al. [23] used a combined prioritized experience replay
(PER) and Double DQN algorithm to solve the UAV trajec-
tory planning problem with global situational information by
combining an epsilon greedy strategy with heuristic search
rules to select actions. Hu et al. [24] presented a novel
method called covariance matrix adaptation-evolution strate-
gies (CMA-ES) for learning complex and high-dimensional
motor skills to improve the safety and adaptiveness of robots
in performing complex movement tasks. Hu et al. [25] pro-
posed a learning scheme with nonlinear model predictive
control (NMPC) for the problem of mobile robot path track-
ing.

In summary, an improved M-DQN algorithm (DM-DQN)
is proposed in the paper, the method introduces maximum
entropy and implicitly exploits the Kullback-Leibler diver-
gence between successive strategies, thus outperforming
distributed reinforcement learning algorithm. In addition,
due to the introduction of the competing network structure,
the convergence speed is significantly improved compared
to that of M-DQN. By designing a reward function approach
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based on an artificial potential field, the robot’s path plan-
ning is kept away from the vicinity of the obstacle. Moving
obstacle in unknown environments can be a huge challenge
for mobile robot as they can negatively affect the range of the
sensors. Therefore, not only the path planning problem in the
static obstacle environment is studied, but also the path plan-
ning problem in the dynamic and static obstacle environment
is considered. Finally, the DM-DQN algorithm is applied to
mobile robot path planning and is compared with the DQN,
Dueling DQN and M-DQN algorithms.

A summary of the key contributions of the paper are as
follows:

e A virtual simulation environment has been constructed
using the Gazebo physical simulation platform, replacing
the traditional raster map. The physical simulation plat-
form is a simplified model of the real world that is closer
to the real environment than a raster map, reducing the gap
between the virtual and real environment and reflecting
whether the strategies learned by the agent will ultimately
be of value to the real robot problem.

e The network structure of the M-DQN is decomposed into a
value function and an advantage function, thus decoupling
action selection and action evaluation, so that the state
no longer depends entirely on the value of the action to
make a judgment, allowing for separate value prediction.
By removing the influence of state on decision making,
the nuances between actions are brought out more, allow-
ing for faster convergence and better generalization of the
model.

e The negative impact of obstacle is considered and an arti-
ficial potential field is used to set up a reward function
to balance obstacle avoidance and approach to the target,
allowing the robot to plan a path away from the vicinity of
the obstacle.

The structure of the paper as follows: “Theoretical back-
ground” introduces the mobile robot model; ‘“Proposed
algorithm” introduces the proposed DM-DQN algorithm in
detail; “Materials and methods” describes the simulation
environment and performs an experimental comparison; and
“Experiments and results” concludes the paper.

Theoretical background
M-DQN

Reinforcement learning is the use of Markov decision process
(MDP) [26] to simplify modeling, and the Markov decision
process can be represented as a tuple M = {, , , r, v}, where
denotes the state, denotes the action, denotes the state transfer
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Fig. 1 The process of reinforcement learning

matrix, r denotes the reward function, and y denotes the dis-
count factor. The process of reinforcement learning is shown
in Fig. 1; the whole process includes environment, agent,
state, action and reward.

In the classical Q-learning algorithm, the iterations of the
g-function can be expressed by the following formula:

q (s, ar) < q(ss, ar)

+n <rt + ymax gy (sHl, a/) —q(s, a,)) M
where s; denotes the state at time ¢, a; denotes the action at
time ¢, v denotes the ratio coefficient, r;, denotes the reward
at time ¢, ;4] denotes the state at time ¢ + 1, a denotes
the next action and y denotes the discount factor. However,
g+ is unknown in practice, so the value function g, of the
current strategy can only be used to replace the value function
g« of the optimal strategy, the process often referred to as
bootstrapping. In short, it is leading itself to be updated to
¢:+1 by the current value of itself, ¢;.

In M-DQN, a guiding signal, “log-policy”, which is dif-
ferent from g, is proposed, that is, the probability value of
the policy is taken as log. Since there is an argmax opera-
tion in Q-learning, all optimal strategies are determined, so
the probability is 1 for each optimal strategy and O for all
other non-optimal strategies. After taking log for the strate-
gies, the probability of the optimal strategy becomes zero,
while the probability of the remaining non-optimal strategies
becomes negative infinity. This is certainly a stronger signal
for strategy choice, as it suppresses all non-optimal strate-
gies. In addition, by adding this signal value to the immediate
reward, the learning process of reinforcement learning can
be simplified. Although the optimal action is 0, the rest of
the actions are negative infinity, so the choice of the optimal
action does not change. Then, in M-DQN, the immediate
reward becomes: r; + alnm (a;|s;).

However, the value of Inzw (a;|s;) is not computable in Q-
learning, so the same maximum entropy strategy as in the

Soft-AC algorithm is introduced in DQN, which becomes
Soft-DQN. In Soft-DQN, not only the return value of the
environment is maximized, but also the entropy of the strat-
egy, and the regression objective of Soft-DQN is expressed
as

GSoft—DQN (7, St41) =1 +y Z Tfa(d |St+1>
deA
(qg(si+1, @) — thnmg(@’lsien)) - (2)

where s denotes the state, a denotes the action, r denotes the
reward value, and y denotes the discount factor. Ty satisfies
1y = sm(gg/7), T is the temperature parameter, which is
used to control the weight of entropy, a’ denotes the action at
moment ¢ + 1, and A is the action available. Since the policy
chosen for Soft-DQN is softmax, which is different from the
deterministic policy of argmax in Q-learning, the policy of
Soft-DQN is random and it is possible to calculate the “log-
policy” guiding signal in M-DQN. Therefore, M-DQN makes
some simple modifications to Soft-DQN, which replaces r;
in Eq. (2) with r; + atinmg(aslsy), i.e.,

qM-DQN (71, S41) = 11 + atinmg(ay|s;)

+y Y wg(d Isie1)(gg(sir, @)
a'e A

— tinmg(a’lsr1)) 3

where Tz = sm(qz/7), retrieved by setting o = 0. M-DQN
not only maximizes the environmental reward while selecting
astrategy each time, but also minimizes the Kullback—Leibler
divergence [27] of the old and new strategies, which is consis-
tent with the ideas of TRPO [28] and MPO [29]. Minimizing
the Kullback—Leibler divergence of the old and new policies
can lead to an improvement in M-DQN performance, mainly
due to the following two aspects:

e As with TRPO, using the distribution of the old strategy to
estimate the distribution of the new strategy only when the
Kullback-Leibler divergence of the old and new strategies
are close does not lead to excessive errors between the
old and new strategies. The “log-policy” guiding signal
used by M-DQN dynamically limits the error caused by
the large difference between the old and new policies, pre-
cisely because it implicitly exploits the Kullback—Leibler
divergence.

e The problem of overestimation in DQN is described in
Double DQN [30], and the impact of the overestimation
problem on the performance of the algorithm is demon-
strated, and solving the overestimation problem can lead
to performance improvements. By the limitation of the
Kullback-Leibler divergence in M-DQN, large Q values
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Fig.2 The structure of M-DQN network

will be suppressed, thus reducing the negative effects of
overestimation of Q values.

The M-DQN builds two neural networks, like the DQN,
and they have exactly the same network structure, but the Q
network is updated every iteration, while the target Q network
is only updated every fixed C iterations. The target Q network
is used instead of the Q network in the calculation of the
target value to reduce the correlation between the target and
current values. The structure of the Q network and target Q
network of the M-DQN is shown in Fig. 2. This network has
four layers: input states; output action values; and two hidden
layers of 64 and 128, respectively.

DM-DQN

In the structure of M-DQN network, each time the Q value is
updated, only the value corresponding to one of the actions is
updated, while the values corresponding to the other actions
remain unchanged, which leads to its inefficient updating.
The competitive network structure used in DM-DQN updates
the values of all other actions when the Q value is updated
once. This more frequent updating of values allows for better
estimation of state values and the better the competitive net-
work structure performs when the number of action values
is higher.

The structure of M-DQN network is divided into two parts,
as shown in Fig. 3. The first part is only related to the state
S and is called the value function, denoted as V (s, w, «);
the other part is related to the state S and the action A and
is called the advantage function, denoted as A(s, a, w, B).
Thus, the output of the network can be expressed as

0@, a,w,a,B)=V(s, w, @)+ A(s, a, w, B) “4)

@ Springer
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Fig. 3 DM-DQN network structure

where o is the common parameter of V and A, s denotes the
state, a denotes the action, and « and 8 are the parameters of
V and A, respectively. The V value can be thought of as the
average of the Q values in that state. The A value is limited
to an average of 0, and the sum of the V and A values is the
original Q value.

In M-DQN, when we need to update the Q value of an
action, we update the Q network directly so that the Q value
of the action is raised. The Q network of the M-DQN can be
understood as fitting a curve to the Q value of the Q-table.
A cross-section can be taken that represents the Q value of
each action in the current state. For example, as shown in
Fig. 4a, when the M-DQN is updating the value of action 2
in the state, it will only update the action. In the DM-DQN,
the network gives priority to updating the V value because of
the restriction that the sum of the A values must be zero. The
V value is the average of the Q values and the adjustment
of the average is equivalent to updating all the Q values in
that state at once. Therefore, when the network is updated,
it not only updates the Q value of a particular action, but
adjusts the Q values of all actions in that state, all at once.
In Fig. 4b, when action 2 in the state is updated, the V value
is first updated, and because the average value is updated,
the rest of the actions in the state follow. As a result, it is
possible to have more values updated less often, resulting in
faster convergence and the ability to learn the best decisions
faster.

The DM-DQN is applied to robot path planning, and the
value function is to learn the situation where the robot does
not detect an obstacle, while the advantage function is to
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Fig.4 Q value update based on two algorithms

action3 action4

understand that the robot detects an obstacle. To solve the
identifiability problem, the advantage function is centralized:

o(s,a,w,a, B)=V(s, o, @) +(A(s, a, w, B)

— % Z A(s, d, o, /3) (5)

a €A

where A is the optional action,  is the common parameter of
V and A, s denotes the state, a denotes the action, a’ denotes
the next action, and « and 8 are the parameters of V and A,
respectively.

Proposed algorithm
The process of autonomous path planning

The design of the path planning process for a mobile robot
under the DM-DQN algorithm is shown in Fig. 5. First, path
planning model for the mobile robot based on DM-DQN
is established to describe the mobile robot path planning
problem as a Markov decision processes. Second, the robot
acquires environmental information from sensors, calcu-
lates the direction and distance of obstacles and targets, and
designs a reward function based on the artificial potential
field. The mobile robot selects the appropriate action value
from the reply buffer and the reward function based on the
artificial potential field. Action value and state are first passed
through the fully connected layer, followed by a value func-
tion and an advantage function to output Q values to minimize
the loss function, respectively, and finally fed back to the
neural network to update the network’s values. If it is the
end state, the environment is reset and restarted, otherwise
it continues to learn in the environment; if it is the arrival
state, it continues to determine if the algorithm converges, if
it converges, the program ends, otherwise it continues to gen-
erate target endpoints and interact with the environment until

Q value
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it ends. Finally, the mobile robot interacts with the environ-
ment to obtain training data, and the sampled data are trained
so that the mobile robot completes collision-free path plan-
ning.

The design of reward function based on artificial
potential field method

The method of artificial potential field

The artificial potential field method is a virtual force method
that treats the motion of a robot in its environment as a
motion under a virtual artificial force field [31]. As shown
in Fig. 6, the target point will exert a gravitational force on
the robot, while the obstacle will exert a repulsive force on
the robot. The resultant force of these two forces is the con-
trolling force for the robot’s motion, and with the controlling
force, a collision-free path to the target point can be planned.
The gravitational force on the robot becomes greater as it
approaches the target point, and the repulsive force increases
as it approaches the obstacle.

In the artificial potential field, the potential function U is
used to create the artificial potential field, where the gravita-
tional potential function is expressed as follows:

Uai(q) = 3¢d*(q, ggoa) (©6)

In Eq. (6), ¢ denotes the gravitational potential field con-
stant and d(g, ggoal) denotes the distance between the current
point g and the target point ggoq.

The expression for the repulsive potential function is as
follows:

2
, D(q) = O*

Urep(q) =

S =
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Fig.5 The process of autonomous path planning
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Fig.6 Artificial potential field

In Eq. (7), n denotes the repulsive field constant, D(q)
denotes the distance from the current point g to the nearest
obstacle, and Q* denotes the threshold at which the obstacle
generates a repulsive force, which is less than this threshold
before a repulsive force is generated.

The expression for the combined potential force on a
mobile robot in an artificial potential field is as follows:

Ug = Ua(q) + Urep(q) ®)

@ Springer

The potential function U, of the mobile robot at point
q represents the magnitude of the energy at that point, and
the force vector at that point is represented by the gradient
VU(q), which is defined as

T
— T _ |au 1
VU@ =DU@" = [3Z@, ... i) ©)
The gravitational function at point q can be obtained by
finding the negative derivative of Eq. (6) and its expression
is expressed as
Fat(q) = —VUa(q) = —{d(t], ngal) (10)
The repulsive function at point q can be obtained by find-
ing the negative derivative of Eq. (7) and its expression is
expressed as

1 1] 1 D@ «
”[D(q) Q*]DZ(q) x> D) <0

0, D(¢q) = Q*

Frep(q) = (11)

The combined forces on a mobile robot in an artificial
potential field can be expressed as

Fy = Fau(q) + Frep(q) (12)
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The design of reward function

When the mobile robot moves towards the target point,
according to the idea of artificial potential field, the reward
function is decomposed into two parts: the first part is the
position reward function, including the target reward func-
tion and the obstacle avoidance reward function, the target
reward function is to guide the robot to reach the target point
quickly, the obstacle avoidance reward function is to make the
robot keep a certain distance from the obstacles. The second
part is the direction reward function. The current orientation
of the robot plays a key role in reasonable navigation, and
given that the direction of the combined forces on the robot
in the artificial potential field can fit well with the direction
of the robot’s movement, the direction reward function is
designed to guide the robot towards the target point.

In the position reward function, the target reward func-
tion is first constructed using the gravitational potential field
function:

rewardy; = %;dz (13)

goal

where ¢ denotes the constant of gravitational reward function
and dgo, denotes the distance between the current position
and the target point.

The obstacle avoidance reward function is partially con-
structed using a repulsive potential field function with a
negative reward that decreases as the robot’s distance from
the obstacle decreases:

dobs
5 dobs = dmax

1 1 2
77( - M) » dobs < dmax

rewardyep = (14)

S D=

where 7 denotes the constant of repulsive reward function,
dobs denotes the distance between the current position and the
obstacle and dp,x denotes the maximum influence distance
of the obstacle.

In the direction reward function, Eq. (12) represents
the combined force on the robot, which coincides with
the expected direction. The angular difference between the
expected and actual directions of the robot is expressed as

@ = arccos (15)

q X a
|Fy[1Fal
where F; denotes the expected direction, F, denotes the
actual direction and ¢ denotes the angle between the expected

direction and the actual direction. The direction reward func-
tion can, therefore, be expressed as

rewardyay = @ (16)

Combining Egs. (13), (14) and (16), the total reward func-
tion can be expressed as

reward = rewarday + rewardrep + rewardyay

>2 , 9%

. l§d2 1 1 1 (17)
B 2 goal 277 dobs dmax
Therefore, the reward function for the mobile robot is

expressed as a whole as

| 1000 , dgoal < T'goal
2 o (2
R= Egdgoal _%{(‘[olbs - dnlmx) + @ dgoal > rgoal&&dobs > Fobs
—500 dobs < Fobs

(18)

where 70, denotes the radius of the target area centered on
the target point and rqps denotes the radius of the collision
area centered on the obstacle.

In order to verify the effectiveness of the reward func-
tion setting based on the artificial potential field, only the
distance information between the mobile robot and the tar-
get point will be considered as the reward function setting
for comparison, and its reward function setting is shown as
follows:

d 2
reward = (ﬂ>

p 19)

The process of path planning algorithm based
on DM-DQN

The algorithm proposed in the paper first estimates the Q
value through an online Dueling Q network with weight 6,
and weight 0 is replicated in a target network with weight’(-)\
at each passing C steps. Second, by interacting with the envi-
ronment using a e-greedy strategy, the robot obtains reward
and the next state according to the reward function based
on artificial potential field. Finally, the transitions (s, ay,
r¢, St+1) are stored in a fixed size FIFO replay buffer and
with each F steps, DM-DQN randomly draws a batch of Dy
from the replay buffer D and minimizes the following losses
according to the regression objective of Eq. (8). The complete
algorithm process is shown in Algorithm 1.
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Algorithm 1 DM-DQN with reward function based on artificial potential field method

Require: T € N* is the number of environment steps; C € N* is the update period, F € N* is the interaction

period.
Initialize replay buffer D to capacity N
Initialize dueling Q-network with parameters 6
Initialize target dueling Q-network with parameters 8 = 6

1000 dyﬂal < rgaul
iali _ <1, 1 1 1 \2 | o%(2m)
itialize 1= 438 d50u =31 (G~ 7) + 5
-500 dobx < Tobs

fort=1to T do
The robot in state s;, with probability € selects a random action a,
Otherwise selects a, = argmax,Q(s,, a)
The robot executes action a, and observes reward 1, and state S;,1
Store transition (S, @, Ty, Sgq) in D
if t mod F == 0 then

rgoal < dyaal&& dubs > Tobs

On a random batch of transitions D, € D, update 0 with one step of SGD on Lpy_pen-

end if
if k mod C == 0 then
=0
end if
end for

Materials and methods
Experimental platform

The experimental platform is Windows 10.1 + tensor-
flowl.13.1 + cudal0.0 and the hardware is Intel i7-
8550U@1.6 GHz processor. The simulation platform was
Gazebo simulation platform. The DQN algorithm, Dueling
DQN algorithm, M-DQN algorithm and DM-DQN algorithm
were trained for 320 rounds, respectively, and the effec-
tiveness of the algorithm’s obstacle avoidance strategy, the
relationship between the success rate of obstacle avoidance,
the effectiveness of obstacle avoidance and the number of
training rounds were analyzed.

Experimental environment setup
Gazebo is a physical simulation platform model that supports

a variety of robotics, sensors and environmental simulations.
The Gazebo simulator is used to create a virtual simulation

Table 1 Training parameters and values

Parameters Values
Learning rate 0.01
Discount factor 0.9
Pre-training steps 800
Mini-batch size 128
Replay memory size 20,000
Network update frequency 30

@ Springer

environment and the robot is modeled by Gazebo to imple-
ment the corresponding path planning tasks. In addition, it
uses python to implement the path planning algorithm and
calls the built-in Gazebo simulator to control the robot’s
movements and obtain robot sensory information. In all
experiments, the robot model parameters are kept consistent
and do not require any a priori knowledge of the environment.
The parameters shown in Table 1 were used throughout the
experiment.

Experimental environments used in the experiments
Robot operating system

This paper uses the ROS (robot operating system) software
platform, which is a robot software development platform
that includes system software to manage computer hardware
and software resources and provide services. ROS uses a
cross-platform modular communication mechanism, which
is a distributed framework (Nodes) and largely reduces the
code reuse rate. ROS is also highly compatible and open,
providing a number of functional packages, debugging tools
and visualization tools.

The ROS node graph for the experiments is shown in
Fig. 7. Gazebo will publish information on a range of topics
such as odometry and LIDAR. In addition, the DQN algo-
rithm communicates with these topics, the feedback from the
environment can be obtained, and the strategy can be learned
to output the actions to be performed and passed to the gazebo
environment. This allows the algorithm to interact with the
simulation environment.
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Fig.7 The ROS node graph

/gazebo_gui

/combination_obstacle_2

Gazebo simulation environment

Gazebo is a 3D physics simulation environment based on the
ROS platform, open source and powerful, providing many
types of robot, sensor and environment models, and providing
a variety of high-performance physics engines such as ODE,
Bullet, Sim body, DART and others to achieve dynamics
simulation. Gazebo has the following main advantages:

e Editing environment: Gazebo provides the basic physical
model, making it easier to add robot and sensor models.

e Sensor simulation: Supports data simulation of sensors
such as LiDAR, 2D/3D/depth cameras and can add noise
to the data.

e 3D visualization of scenes: Effects such as light, texture
and shadow can be set to increase the realistic display of
the scene.

Experiments and results
Static environment

To verify the planning performance of DRL in different sce-
narios, we first validate the reliability of the algorithm on a
static environment. At the beginning, we randomly gener-
ated seven target points to test the effect of DQN, M-DQN,
Dueling DQN and DM-DQN in the environment. The envi-
ronment model is shown in Fig. 8, where the black object is
mobile robot and the brown objects are static obstacles.

In static environment, the DQN algorithm, the Dueling
DQN algorithm, the M-DQN algorithm and the DM-DQN
algorithm are used for the path planning task and their con-
vergence rates are compared. Each model was trained 320
times. Figure 9 records the cumulative reward for each round
and the average reward for the agent, where each dot indicates
around and the black curve indicates the average reward. As
shown in Fig. 9, the intelligences lacked experience of how
to reach the goal in the early stages and spent most of the
first 100 rounds exploring the environment, so the intelli-
gences received low rewards. However, by comparing these

/combination_obstacle_1

/gazebo/set_model_state

Fig.8 The map of static environment

four algorithms, as shown in Fig. 10, we find that the remain-
ing three algorithms all rise faster than DQN after 100 rounds,
which is because the network structure adopted by Dueling
DQN can update multiple Q values at once; while M-DQN
is due to the introduction of maximum entropy, the addition
of maximum entropy makes the strategy more random, so
it will add more exploration, thus can speed up subsequent
learning; DM-DQN adopts a competitive network structure
compared to M-DQN, decoupling action selection and action
evaluation makes it have a faster learning rate, so it can make
fuller use of the experience of exploring the environment in
the early stage, and thus obtain a greater reward. As can be
seen in Fig. 10, the reward obtained by DQN converges to
2000, the reward of Dueling DQN and M-DQN converges
to 4000, while the reward value of DM-DQN converges to
7000. Therefore, the DM-DQN proposed in this paper is able
to obtain a larger reward value compared to the remaining
three algorithms, which means that more target points can be
reached.

Seven points were designated for navigation in the test
environment, and the robot was expected to explore this
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Fig.9 The robot’s reward for each epision based on four algorithms

——DQN

~—— Dueling DQN
M-DQN

DQN

Algorithm comparison

0 SU 150 200 5 350
-2000
Epision

Fig. 10 Comparison of the four algorithms

unknown environment by autonomously moving from posi-
tion 1 to positions 2 to 7 and back to position 1 in a
collision-free sequence, as shown in Fig. 11. Table 2 shows
the average number of moves made by the four algorithms to
reach a target point in 320 rounds; the number of successful
moves to the target point; and the success rate of reaching the
target point. The table shows that the DM-DQN algorithm has
a lower average number of moves compared to the rest of the
algorithms and an 18.3% improvement in success rate com-
pared to the DQN algorithm; a 3.3% improvement compared
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Dueling DQN

14000
12000
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Reward
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-4000
Epision

(b)

Reward

350

Epision

(d)

to the Dueling DQN algorithm; and a 17.2% improvement
compared to the M-DQN. In Table 2, the convergence rates of
the algorithms are also compared and it can be seen that DQN
took 294 min to obtain a reward of 8000, Dueling DQN took
148 min, M-DQN took 127 min and DM-DQN took 112 min.
DM-DQN converged faster than the other algorithms and
took less time to reach the target point.

Figure 11 shows the effect of two different reward func-
tions for path planning, where the reward function in (a) only
considers the distance between the robot and the target point;
(b) is the reward function proposed in this paper. From the
figure, we can see that the paths in (b) are smoother and the
planned paths are farther away from obstacles, which greatly
reduces the probability of collision for the robot in a real
environment.

Dynamic and static environment

In the dynamic and static environment, we still randomly gen-
erated seven target points to test the effect of DQN, M-DQN,
Dueling DQN and DM-DQN in the environment. Compared
to the static environment with two moving obstacles, the
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Goal 3
Goal 6
(b)
Fig. 11 Generated paths in a static environment
Table 2 The result of algorithm
comparison Model Average moving step Number of success Success rate Convergence time
DQN 27.08 148 49.3 294
Dueling DQN 24.14 193 64.3 148
M-DQN 22.02 164 50.4 127
DM-DQN 20.81 203 67.6 112

Fig. 12 Dynamic and static environment map

dynamic obstacles move in arandomized direction. The envi-
ronment model is shown in Fig. 12, where the black object
is the moving robot, the brown objects are the static obsta-
cles and the white cylinders are the moving obstacles, which
move in a randomized direction.

The DQN algorithm, the Dueling DQN algorithm, the M-
DQN algorithm and the DM-DQN algorithm were also used
for the path planning task in adynamic and static environment
and their convergence rates were compared. The cumulative
rewards for each round and the average rewards for the agent
are recorded in Fig. 13, and Fig. 14 compares the four algo-
rithms. Unlike the static environment, the reward values of
the DQN, Dueling DQN, and M-DQN algorithms did not
rise significantly after 100 rounds. The upward trend occurs
at round 150, which is caused by the inclusion of dynamic
obstacles, while the DM-DQN proposed in the paper still
starts to converge at around round 120, indicating its good
generalization ability compared to the other algorithms.

Table 3 also compares the average number of moves to
reach a target point, the number of successful arrivals and
the success rate of reaching the target point for 320 rounds,
as the performance of all four algorithms decreases with the
inclusion of dynamic obstacles. The table shows that DM-
DQN still has the lowest average number of moves, with
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Fig. 13 The robot’s reward for each epision base on four algorithms

a 27.3% improvement in success rate compared to DQN, a
12.6% improvement compared to Dueling DQN, and a 9.3%
improvement compared to M-DQN. In Table 3, which also
compares the convergence speed of each algorithm, it can be
seen that DQN took 261 min to obtain the 8000 reward, Duel-
ing DQN took 186 min, M-DQN took 150 min and DM-DQN
took 131 min. DM-DQN converged faster than the other algo-
rithms in the dynamic and static environment and took less
time to reach the target point. The time taken to reach the
target point was shorter.

Figure 15 shows the path planning effect of two different
reward functions in dynamic and static environments, where
the reward function in (a) only considers the distance between
the robot and the target point; (b) the same reward function
is proposed in the paper. The addition of dynamic obstacles
places higher demands on path planning. A comparison of the
two figures shows that the reward function setting proposed
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Fig. 14 Comparison of the four algorithms

in the paper can effectively solve the problem of dynamic
obstacles, because the reward function in the paper takes into
account the distance from the obstacles, which enables the

Table 3 The result of algorithm

comparison Model Average moving step Number of success Success rate Convergence time
DQN 30.22 79 26.3 261
Dueling DQN 27.01 123 41.0 186
M-DQN 27.64 133 443 150
DM-DQN 26.43 161 53.6 131
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4299

(a)

Fig. 15 Generated paths in dynamic and static environments

path planned by the robot to effectively avoid the influence
of dynamic obstacles.

Conclusions

A continuous dynamic and static simulation environment
is established for the path planning problem of mobile
robot in complex environment. First, its network structure
is improved on the basis of M-DQN, and its convergence
speed is accelerated by decomposing the network structure
into value and advantage functions, thus decoupling action
selection and action evaluation. Second, a reward function
based on an artificial potential field is designed to balance
the distance of the robot from the target point and the obsta-
cle, so that the planned path is away from the obstacle. The
simulation result show that the DM-DQN proposed in the
paper has a faster convergence speed compared to M-DQN,
Dueling DQN and DQN, and is able to learn the best deci-
sion faster. The reward function is designed for smoother
paths to be planned, while effectively avoiding the planned
paths from being too close to obstacles. The future study will
be made in the following areas. Reinforcement learning has
a disadvantage compared to traditional algorithms in path
planning over long distances, so a combination of traditional
algorithms with reinforcement learning algorithms is con-
sidered to enable a breakthrough in path planning over long
distances.

(b)
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