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Abstract 

Nowadays, mobile robots are being widely applied in various fields such as indoor carrying and check of products and outdoor 

exploration. One of the most important problems arising in development of mobile robots is to resolve path planning problem. With 

active studies of implementation of path planning, lots of algorithms have been developed and especially, the dramatic advance in 

artificial intelligence (AI) led to advent of algorithms using reinforcement learning (RL). Deep reinforcement learning (DRL) has 

been developed and it uses neural network to approximate parameters of RL algorithm. DDPG is one of deep reinforcement learning 

(RL) algorithms and is widely used to solve lots of practical issues as it doesn’t need full information of the environment. In other 

words, path planning with DRL has advantages of possibility for unknown environments in which partial or full information is not 

given and of direct controllability of the robot. Generally, path planning Up to now, path planning using DRL has considered only 

position control problem with no consideration of its orientation angle (as the author knows). In this paper, a pose control method 

using DRL for 3-wheeled omnidirectional mobile robot is proposed. And a method to reduce position error is mentioned. 

Simulation results show that the proposed method can efficiently solve the control problem of omnidirectional robots. 
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1. Introduction 

Recently, mobile robots are being widely used in industry, 

agriculture, public service and so on. With rapid robot tech-

nology and AI, more intelligent autonomous robots have been 

developed and study to modernize robots to successfully 

accomplish missions in more complex environments is being 

intensified. 

Robot path planning is really important field in navigation 

of intelligent autonomous mobile robot. There are graph de-

composition method, cell decomposition method [1], uni-

vector field method (UVFM), artificial potential field method 

(APFM) [2, 3], genetic algorithm [4], A* algorithm [5] and 

the rest in classical path planning method for robots. In addi-

tion, some improved methods on classical ones have been 

proposed [6-8]. 

There have been many tries to combine classical methods 

with DRL to reflect not only pure geometric path, but also 

kinetic model of the robot and as a result, remarkable advance 

has been achieved [9-11]. 
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In paper [12, 13], they proposed a robot path planning 

method using Deep Q-Network (DQN) and compared with 

classical ones. 

In paper [14], they proposed a way to increase convergence 

speed of DQN by means of improving grid map. Another 

method of using previous experience and knowledge to im-

prove convergence speed of DQN was proposed in paper [15]. 

These methods guarantee optimum and convergence of path 

generation. However, as they use discrete action space of 

robot, they have some inevitable problems in combining ki-

netic model of robot with path planning. 

In paper [16], to overcome the front problem, they pro-

posed a method to combine DDPG algorithm with univector 

filed method so that action space of the omnidirectional robot 

can be considered as being continuous. Thus, it has position 

state of the robot as input, outputs orientation angle as its 

output and establish simultaneous control of the robot. 

However, as it considered only robot’s position without its 

orientation angle, so it can’t make use of its advantages: pos-

sibility of moving on optimal path and free change of orien-

tation. It also can’t reflect kinetic characteristics of the control 

object. It also can’t reduce the position error less than a con-

stant threshold. 

To settle this problem, new method for simultaneous con-

trol of robot has been proposed in this paper. 

First, as state vector of DRL algorithm, position of the 

omnidirectional mobile robot is composed with its orientation 

angle. Next, kinetic model of the robot was reflected in 

learning environment and the real-time angular velocities of 

wheels are determined. 

This paper is divided into following sections. 

In section 2, analysis of previous literature on kinetic model 

of 3-wheeled omnidirectional mobile robot and path planning 

by reinforcement learning are given. 

In section 3, a new method of control position and orienta-

tion of the robot using DRL and of reduction of pose error of 

the robot is proposed. 

In section 4, simulation of proposed method is performed 

and the result is analyzed. 

Section 5 gives conclusion. 

2. Previous Literature 

2.1. Kinetic Model of 3-Wheeled 

Omnidirectional Mobile Robot 

Since omnidirectional mobile robots have several ad-

vantages such as high mobility, free controllability of its ori-

entation on moving path, they are widely used in various 

fields. 

As can be seen in figure 1, in a 3-wheeled omnidirectional 

mobile robot, the wheels are set at 120  spacing and each 

wheel is an omnidirectional wheel. 

 
Figure 1. 3-wheeled Omnidirectional Mobile Robot. 

The forward kinematic model of a three-wheeled omnidi-

rectional mobile robot is expressed in matrix form as follows: 
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Hence, the inverse kinematics model of the robot can be 

expressed as 

1
1

2

3

x

y

v

M v





 



  
  

   
     

               (2) 

where, ,x yv v  are linear velocity to x- and y-axis, respectively, 

  is angular velocity of the robot, 1 2 3, ,     are angular 

velocity of each wheel, L  is radius of the robot body, R  is 
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radius of the wheel,   is orientation of the robot in absolute 

coordinate system and 1 2 3,  ,     are angle of placement of 

each wheel. 

From known angular velocities of each wheel from Eq. (1), 

we can calculate the x- and y-axis linear velocities and angular 

velocity of the robot body. 

2.2. DDPG Algorithm 

The DDPG algorithm has the advantage of being able to 

handle continuous behavior space, unlike other DRL algo-

rithms. The DDPG algorithm is based on the action-critic 

method and learns two neural networks, actor network and 

critic network. In the actor network, according to the state of 

the agent, we learn the action  a s  to take in that state, 

and the critic network computes the value  ,Q s a  according 

to the action taken in that state. Repeating this process several 

times, we store the transition information in the experience 

repository. Then, k  data are randomly extracted from the 

experience repository to train the network. The block diagram 

of the DDPG algorithm is shown in Figure 2. 

 
Figure 2. Configuration of DDPG Algorithm. 

Summarizing the DDPG algorithm, 

Initialize the experience repository D . 

Randomly initialize the weight parameters of actor network 

 , critic network  , target actor network '  and target 

critic network ' . 

Repeat Step 4 by N episodes. 

In each step of every episode: 

Based on policy  s , choose action a  and add noise to 

search for new behavior. 

 a s N   

Perform the action a  and move to the next state 's . Then, 

receive a reward r  and save transition information in expe-

rience store D . 

Randomly select K  transition information in D . 

Get target value of critic network. 

  ' '', 'i i i iy r Q s s     

Calculate loss of critic network. 

    
21

,i i i

i

J y Q s a
K

    

Calculate gradient of loss function  J   and update 

critic network using gradient descent method. 

 J       

Calculate gradient of loss function  J   and update 

actor network using gradient ascent method. 

 J       

Update parameters of target critic and target actor net-

works. 
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2.3. Path Planning Algorithm Using DDPG 

Combined with UVFM 

In paper [8], a new method to combine DDPG algorithm 

and UVFM was proposed, so that they make action space 

continuous and simultaneously move the robot toward the 

direction which is outputted from the actor network of DDPG 

algorithm. Here, current position is given as input of the actor 

network of DDPG algorithm and orientation angle to which 

robot should move towards is given as output. 

{ , }    { }input x y output              (3) 

State update of the robot is performed by moving constant 

distance towards the output of the actor network. 

1

1
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Here, 1kx   and 1ky   is position coordinates of the robot 

at 1k   step,   is output of actor network of DDPG: ori-

entation angle of the robot and d  is length of movement of 

robot in one step (during sampling time). 

The disadvantage of this approach is that it cannot take 

advantage of omnidirectional mobile robots that can freely 

change the orientation angle of the robot on the moving path 

because only the robot position is considered and orientation 

angle is ignored. Also, because this method considers orien-

tation angle as its action space, it causes serious problems 

such as the jump of the angular velocity of wheels in the 

real-time control of the robot. 

3. Proposed Method 

3.1. Configuration of Environment Using DDPG 

In our case, the agent for DDPG algorithm is 3-wheeled 

omnidirectional mobile robot. 

In proposed method, to take advantage of the omnidirec-

tional mobile robot, not only the position coordinates  ,x y , 

but also the orientation angle   of the robot is considered as 

its state like Eq. (5). 

x
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                  (5) 

Next, the action space of the robot (output of actor network) 

is described as a vector which consists of angular velocities of 

each wheel of the robot. In this case, the angular velocities are 

the continuous value within a specified range. 

Thus, we mapped a vector consisting of the angular veloc-

ities of the wheels to each state of the environment (map). 
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                    (6) 

After the angular velocities of the wheels are outputted 

from the actor network of the DDPG algorithm, x-axis ve-

locity xv , y-axis velocity yv  and the angular velocity of the 

robot body are calculated with its kinetic model and state of 

the robot can be updated by Eq. (7) from calculation of dis-

placement and rotation angle during dt . 
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   (7) 

Then, the DDPG algorithm should be trained to output 

angular velocities of each wheel of the robot from given state 

(position, orientation angle). 

3.2. Improvement of DDPG Algorithm 

The rewards that the robot receives at each stage are set to 

reflect the state transition such as collision with obstacles, 

map departure and target arrival. 

Actions that make robot collide with obstacles or leave the 

map are completely unnecessary for the robot's mission, so 

very large negative reward is given to these actions. 

Since we consider the motion of the robot in a continuous 

space, it is impossible to reach the target point exactly. Hence 

in [8], a certain region around the target point is defined as the 

target region, if the robot enters this region, it is estimated that 

the robot reached to the target and the episode is terminated. 

This method has the disadvantage that the robot position error 

cannot overcome certain threshold: radius of this region ( 0d ). 

A small target region radius may lead to a long convergence 

time or even no convergence of the algorithm, whereas a large 

target region radius may result in a big position error instead 

of a fast convergence speed. 

To overcome this drawback, we did not end the episode 

immediately when the robot enters the target region, but rather, 

the closer to the target, the more positive reward was received 

and episode was terminated at the moment that the distance to 

the target becomes larger again. In this way the final position 

error of the robot could be much reduced. 

To ensure that the robot finally get certain target orientation 

angle, a constant negative reward proportional to the error 
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with the current orientation angle is given. 

There may be many undesirable orientation changes during 

robot movement, which greatly affect the robot’s motion time, 

control, and optimality of the path. Hence, a constant negative 

compensation was added to reduce the variation of orientation 

of the robot. 

Other transitions receive negative reward proportional to 

the distance to the target point so that the robot could suc-

cessfully reach to the target point. 

Overall, the reward that the robot receives is expressed as 

Eq. (8). 

1
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  (8) 

Here, 3 4 5 6, , ,R R R R  are calculated with Eq. (9). 
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Where, 

id - Distance between robot and target at step i  

0d - Critical distance to estimate arrival to target region 

i - Orientation of the robot at step i  

t - Target orientation angle 

3 4 5 6, , ,k k k k - Coefficients 

In reinforcement learning, networks are trained to maxim-

ize reward, so that the robot can reach the target state (position, 

orientation angle) faster in shorter time without any collision 

with obstacles and departure from the map and with less 

variation of orientation angle. 

4. Simulation Result and Analysis 

The training environment of reinforcement learning was 

built on simulation application- “CoppeliaSim”, and the 

DDPG algorithm was implemented using the deep learning 

library “pytorch”. 

The simulations were performed on 8GB RAM, Intel 

Core-i7-1165G7 processor and NVIDIA RTX 3050 GPU 

platform. 

4.1. Configuration of the Environment 

On the whole map size of 10 10 , the initial state of the 

robot is  2, 2, 0 , the target state is  8, 7.2, 90  and 4 

obstacles are placed randomly. The diameters of the obstacles 

are in range of  1.5,  2.5 . 

4.2. Determination of Simulation Parameter 

Structure of the actor and critic network are shown in fol-

lowing table. 

Table 1. Parameters of the Actor Network. 

Layer Type Number of parameters Activation 

Input  3  

Layer1 Dense 32 tanh  

Layer2 Dense 256 tanh  

Layer3 Dense 32 tanh  

Output Dense 6 5 tanh   

Because the output of the actor network is the angular ve-

locity of the wheel, it must be in range of  5 , 5   , so 

activation function of the output layer is set as 5 tanh  . 

Table 2. Parameters of the Critic Network. 

Layer Type Number of parameters Activation 

Input  6  

Layer1 Dense 32 tanh  

Layer2 Dense 256 tanh  

Layer3 Dense 32 tanh  

Output Dense 1 Linear  

Parameter values for applying DDPG algorithm is given as 

following tables. 
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Table 3. Hyperparameters for DDPG Algorithm. 

Parameter Definition Value 

P  Initial number of steps 500 

M  Size of minibatch 64 

N  Exploration noise 0.50.995(number of training) 

C  Updating frequency of the target network 1 

D  Size of experience pool 10000 

  Learning rate actor-10-4, critic-10-3 

  Discount factor 0.9 

  Soft replacement factor 0.001 

Parameter values for reward configuration are given in table 4. 

Table 4. Parameters for Reward Configuration. 

Parameter Definition Value 

1
R  Negative reward when collide with obstacles -1000 

2
R  Negative reward when depart from the map -1000 

3
k  Coefficient 10 

4
k  Coefficient 5 

5
k  Coefficient 20 

6
k  Coefficient 3 

0
d  Radius of target region 0.5 

4.3. Simulation Result and Analysis 

    
Figure 3. Pose Control Result of Robot. 
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Figure 3 shows the control result considering the orienta-

tion angle of the 3-wheeled omnidirectional mobile robot 

using DDPG algorithm. In the figure, yellow cylinders rep-

resent obstacles and red circle is the target region. The red and 

blue segments intersecting vertically with each other represent 

the local coordinates fixed to the robot and the robot path is 

marked with pink. 

As can be seen from the figure, the robot successfully 

overcame the obstacle, reached the target region, and was 

moving almost similar to the desired direction at the final 

moment. 

The result of comparing the position error at the target point 

after path planning in the same environment using the previ-

ous algorithm proposed algorithm are presented in Table 5. 

Table 5. Position Error from Target point. 

No Previous algorithm Proposed algorithm 

1 0.413808 0.041575 

2 0.42216 0.476927 

3 0.424337 0.369148 

4 0.411378 0.131149 

5 0.469893 0.131009 

6 0.455647 0.056521 

7 0.443464 0.000584 

8 0.454903 0.151529 

9 0.463397 0.343016 

10 0.486252 0.103636 

Average 0.444524 0.180509 

As we can see in the table 5, the new configuration of the 

state and reward in the proposed algorithm is enough to solve 

the problem of the position error from the target point not 

exceeding the threshold. 

Similarly, the result of the calculation of the orientation 

angle error for different target values is given in Table 6. 

Table 6. Orientation Angle Error. 

No Target value (°) Reached value (°) Error (°) 

1 30 34.06459 4.064586 

2 60 58.69824 1.301763 

3 90 96.6034 6.603395 

4 120 125.7604 5.760367 

No Target value (°) Reached value (°) Error (°) 

5 150 150.6944 0.694423 

6 180 178.3868 1.61317 

7 210 216.9049 6.904861 

8 240 239.9423 0.057667 

9 270 268.2965 1.703503 

10 300 305.5362 5.536204 

Average - - 3.423994 

As can be seen from Table 6, it can be seen that the goal of 

the orientation angle control is achieved by the average 

3.423994 , which is the result of the control by the omnidi-

rectional mobile robot using the proposed algorithm for dif-

ferent target orientation angles. 

5. Conclusion 

The robot control studied so far has been considered only 

the robot position and the orientation angle have been ignored. 

Also, because orientation angle is taken as action space of the 

robot, so it causes serious problems in real robot’s control. 

In this paper, we took advantage of omnidirectional mobile 

robots by considering both position and orientation angle 

simultaneously in the control of the robot, and proposed a 

method to control the robot in real time by combining the 

kinetic model of the robot with the DDPG algorithm. It also 

improved the convergence speed and accuracy of learning by 

new configuration of reward function. Simulation results 

show that the proposed method can achieve a better control of 

the robot. 
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