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Abstract 

In recent years, with the rapid development of artificial intelligence, many innovative changes have been made in the field of 

intelligent mobile robot development. In the field of control and navigation of mobile robots, learning-based methods have 

many advantages over traditional ones. The study of mobile robot control methods using deep reinforcement learning is a 

remarkable area in the development of mobile robots that must operate in dynamic environments. In the previous studies, the 

proposed robot control algorithms using deep reinforcement learning are mostly based on the given target point and obstacle 

information, the robot path planning is performed, and the corresponding control is based on the obtained path. The 

DDPG-based method is a typical example. However, in dynamic environments, DRL based robot path planning requires a state 

of target point and obstacles information, which leads to a large amount of computation, resulting in extremely long 

convergence time and even non-convergent cases. In this paper, we propose a new method for mobile robot control in dynamic 

environment that solves the dimensional problem by extracting the features of the configuration of obstacles using autoencoder 

and learning the DDPG algorithm based on the obtained features. Simulation results show that the proposed algorithm can 

effectively solve the mobile robot control problem in dynamic environment. 
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1. Introduction 

In the control and navigation of intelligent robots, path 

planning is a very important task. 

A path is the orbit that the robot must travel. In other words, 

it is a geometric spatial curve that the robot must move from 

the initial position to the target position to achieve a given 

goal under the certain constraints. The obtained path should 

not only be optimal in terms of energy consumption but also 

convenient to implement the path-following control. [1]. 

Various methods for robot path planning have been inves-

tigated. Robot path planning methods include graph theory 

based methods such as BFS, DFS, Dijkstra, A* algorithm, 

vector field based methods such as artificial potential field 

method, univector field method and mathematical optimiza-

tion based methods such as genetic algorithms, fuzzy theory, 

PSO (particle swarm optimization) or ACO (ant colony op-

timization). [2-12]. 

In recent years, with the rapid development in robotic 

technology and artificial intelligence, reinforcement learning 

http://www.sciencepg.com/journal/ijimse
http://www.sciencepg.com/journal/210/archive/2101003
https://orcid.org/0009-0002-3458-4166
https://orcid.org/0009-0001-7866-0573
https://orcid.org/0009-0000-1729-1746
https://orcid.org/0009-0008-5440-9801
https://orcid.org/0009-0000-9060-7612
http://www.sciencepg.com


International Journal of Industrial and Manufacturing Systems Engineering http://www.sciencepg.com/journal/ijimse 

 

45 

based path planning methods have been widely introduced. 

The RL based path planning method is widely used in path 

planning because it does not require environmental infor-

mation and obtains the optimal path during interaction with 

the environment. In particular, in path planning of intelligent 

mobile robots in unknown environments, RL based path 

planning methods are superior to traditional path planning 

methods. [13, 14]. 

To solve the curse of dimensionality problem caused by 

increase of dimensionality of state vectors in reinforcement 

learning, deep reinforcement learning algorithms which in-

cludes deep learning and reinforcement learning have been 

studied and are actively introduced in the field of robot path 

planning. [15]. 

A typical path planning method using deep reinforcement 

learning is the DDPG based method. In general, the path 

planning method using DDPG algorithm is not suitable for 

robot path planning in dynamic environment because it con-

siders only the position of the robot in the state, considering 

the target point and the position of the obstacles given. A 

method for robot path planning in continuous action space by 

combining the DDPG algorithm and the univector field 

method has been proposed. [16]. 

Previously proposed DRL based path planning methods are 

not applicable in dynamically changing environments due to 

the long learning time, which requires re-training in different 

environments. To solve this problem, we must reflect the 

obstacle and target information at the input of the DDPG 

algorithm. However, this increases the computational cost 

exponentially due to the increasing order of the state vector, 

which leads to a longer learning time and even a 

non-convergent case. 

To solve this problem, we propose the following mobile 

robot control algorithm. 

First, we configure the obstacle array and extract feature 

vector while reducing dimensionality of obstacle array using 

autoencoder. 

Next, we configure state vector including feature vector 

extracted from autoencoder and position of robot and target, 

and train DDPG algorithm using this state vector. 

The rest of this paper is as follows. 

In section 2, analysis of previous literature on DRL based 

path planning method and autoencoder. 

In section 3, a new method of mobile robot control using 

DDPG and autoencoder is proposed. 

In section 4, simulation of proposed method is performed 

and result is analyzed. 

Section 5 gives conclusion. 

2. Related Work 

2.1. DDPG Algorithm 

The DDPG algorithm is one of the typical DRL algorithm 

which has the advantage of being able to handle continuous 

behavior space, unlike other DRL algorithms. The DDPG 

algorithm is based on the action-critic method. Actor network 

learn to find the action ( )a s=  to take in that state using 

policy gradient according to the state of the agent, 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 reposi-

tory. 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 1. 

 
Figure 1. Configuration of DDPG Algorithm. 
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Summarizing the DDPG algorithm, 

1. Initialize the experience repository D  

2. 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 

1) Based on policy ( )s , choose action a  and add 

noise to search for new behavior. 

( )a s N= +  

2) Perform the action a  and move to the next state 's . At 

this time, receive a reward r  and save transition in-

formation in experience store D . 

3) Randomly select K  transition information in D . 

4) Get target value of critic network. 

( )( ),i i i iy r Q s s    = +  

5) Calculate loss of critic network. 

( )( )
21

( ) ,i i i

i

J y Q s a
K

 = −  

6) Calculate gradient of loss function ( )J   and update 

critic network using gradient descent method. 

( )J   = −   

7) Calculate gradient of loss function ( )J   and update 

actor network using gradient ascent method. 

( )J   = +   

8) Update parameters of target critic and target actor net-

works. 

(1 )    = + −  

(1 )    = + −  

2.2. DDPG Based Robot Path Planning 

In DDPG based path planning algorithm, the agent is robot, 

state includes current position of robot, obstacles and target. 

In DDPG based path planning algorithm, the action space 

consists of a continuous number of values, such as the accel-

eration of the robot or the orientation angle to move. 

The reward the robot receives consists of positive rewards 

received when the robot reaches the target, negative rewards 

received when the robot bumps into obstacles or leaves from 

the map, and rewards added to obtain the shortest path. 

In path planning using the DDPG algorithm, the action 

space is composed of a continuous number of values, such as 

the acceleration of the robot or the orientation angle to move. 

The reward the robot receives consists of positive rewards 

received when the goal is reached, negative rewards received 

when hitting an obstacle or leaving the map, and rewards 

added to obtain the shortest path. 

DDPG based robot path planning algorithm can generate 

the robot’s movement path in continuous action space from 

the characteristics of algorithm itself. 

However, there is a disadvantage that it is difficult to re-

flect the position information of the obstacle as the state 

vector. 

That is, to reflect the obstacles information as state vector 

in a dynamically changing environment, the dimension of the 

state vector becomes very large and the curse of dimension-

ality arises. 

Hence, if the state information in the environment is ex-

tracted as a feature vector in advance using a certain dimen-

sionality reduction algorithm, it can shorten the training time 

of the DDPG algorithm and achieve more efficient robot 

path planning. 

2.3. Autoencoder 

Autoencoders are artificial neural networks capable of 

learning dense representations of the input data, called latent 

representations or codings, without any supervision (i.e., the 

training set is unlabeled). These codings typically have a 

much lower dimensionality than the input data, making au-

toencoders useful for dimensionality reduction, especially for 

visualization purposes. Autoencoders also act as feature de-

tectors, and they can be used for unsupervised pretraining of 

deep neural networks. Lastly, some autoencoders are genera-

tive models: they are capable of randomly generating new 

data that looks very similar to the training data. For example, 

we could train an autoencoder on pictures of faces, and it 

would then be able to generate new faces. 

Autoencoders simply learn to copy their inputs to their 

outputs. This may sound like a trivial task, but as you will 

see, constraining the network in various ways can make it 

rather difficult. For example, you can limit the size of the 

latent representations, or you can add noise to the inputs and 

train the network to recover the original inputs. These con-

straints prevent the autoencoder from trivially copying the 

inputs directly to the outputs, which forces it to learn effi-

cient ways of representing the data. In short, the codings are 

byproducts of the autoencoder learning the identity function 

under some constraints. 
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Figure 2. Autoencoder. 

Autoencoders with several hidden layers are called 

stacked autoencoder. The architecture of a stacked autoen-

coder is typically symmetrical with regard to the central hid-

den layer (the coding layer). 

Stacked autoencoder is efficient as dimensionality reduc-

tion algorithm because we can get useful representation of 

input data in middle hidden layer. 

3. Proposed Method 

DDPG is an efficient DRL algorithm that can perform the 

path planning of the robot in a continuous action space. 

However, for application in dynamically changing environ-

ments, as the dimension of the state vector increases, the 

computation cost increases, even if the algorithm does not 

converge, as the state contains the obstacle information. 

Even without considering the obstacle information, the in-

crease of learning time with the size of the environmental grid 

is significant. Figure 3 shows the convergence curves of the 

DDPG algorithm with the environment grid of 10×10 and 

20×20. 

  
Figure 3. Convergence curve of DDPG algorithm (grid 10×10-left, grid 20×20-right). 

In Figure 3 horizontal axis represents the number of epi-

sodes and vertical axis represents the time steps in each epi-

sode. It can be seen from the Figure 3 that the number of 

iterations or time steps in each episode involved in the 

learning process is very large when the environment grid is 

dense twice, which in this case leads to a great increase in the 

computation cost. 

Table 1. Convergence time comparison according to grid size. 

Grid 

size 

Conver-

gence time, s 

Total time steps 

before conver-

gence 

Number of episodes 

before convergence 

10×10 0.14 462 815 2 437 

20×20 1.38 5 849 234 11 843 

 

When grid size is 40×40, the algorithm does not converge 

within given limited number of episodes and diverges. 

 
Figure 4. Convergence curve of DDPG algorithm (grid 40×40). 

http://www.sciencepg.com/journal/ijimse


International Journal of Industrial and Manufacturing Systems Engineering http://www.sciencepg.com/journal/ijimse 

 

48 

The denser the environment grid, the more accurate the 

obstacle information can be reflected, and thus the advantage 

of robot control, but the resulting dimensional problem makes 

this impossible. 

3.1. Feature Vector Extraction of Obstacle 

Arrangement with Autoencoder 

To solve the dimensional problems that arise when the en-

vironment grid is dense and to implement path planning in 

dynamic environments, the dimension of the state to be re-

flected in the deep reinforcement learning algorithm must be 

reduced. 

Thus, we need to extract the feature vector of the obstacle 

state using a certain dimensionality reduction algorithm and 

use it to train the deep reinforcement learning algorithm. 

The autoencoder is one of the most efficient dimensionality 

reduction algorithms. 

Using the autoencoder, we can obtain an efficient 

low-dimensional representation of the obstacle array in its 

middle layer. 

First, we discretize the environment with the 40×40 grid 

size and limit the number of obstacles below 100. For each 

discretized position, we set 1 for the position with obstacles 

and 0 for the other positions. 

Then, a 40×40 discretized map is unfolded to form a 1-D 

vector with 1600 elements. 

That is, 1600 elements are 0 or 1. 

 
Figure 5. Collection of the train data for autoencoder. 

We randomly select 100,000 data by varying the position 

and number of obstacles. 

80 percent of them are divided into training data and rest 

are divided into testing. 

The network architecture uses a stacked autoencoder 

composed of all hidden layers. 

The network parameters of the autoencoder are given in 

Table 2. 

Table 2. Network Parameters of Autoenoder. 

Layer Type Number of neurons Activation 

Input  1600  

Layer1 Dense 100 ReLU 

Layer2 Dense 10 ReLU 

Layer3 Dense 100 ReLU  

Output Dense 1600 - 

The training parameters of the autoencoder are given in 

Table 3. 

Table 3. Training Network Parameters of Autoenoder. 

Parameter Value 

Optimizer Nadam 

Learning rate 0.0001 

Loss function MSE 

Number of epoch  100  

After the autoencoder is trained, the feature vector is ex-

tracted using the encoder. 

In other words, the output of layer 3 in the autoencoder has 

10 elements as feature vectors of the obstacle state. 

Thus, if we use new state vector which is combined the 

extracted feature vector of autoencoder with the robot’s posi-

tion in the DDPG algorithm, we can solve the mobile robot 

control problem in dynamic environment more efficiently 

while guaranteeing the convergence of DDPG algorithm and 

reducing the computational cost. 
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3.2. Environment Configuration Using DDPG 

and Compressed Feature Vector 

Now, we apply DDPG algorithm. 

In the DDPG based path planning, the agent-robot takes the 

state as input and learns to output the orientation angle that the 

robot must move. 

The robot performs the action in a continuous environment 

of a certain size. 

The rewards that the robot receives at each step consist of 

negative rewards that it receives when bumping into obstacles 

or leaving from the map, negative rewards expressed as the 

inverse of the distance between robot and target, and reward 

with varying orientation angle. 

100, Reachead at the target

100, Bumped intoobstacles

100, Leaving from the map

, else

R

d



−

= 
−
−

          (1) 

Here, d  is the distance between current robot position and 

target. 

That is, learning the network to maximize reward means 

that the robot is trained to reach the target in the shortest time 

without hitting the obstacle. 

Then, the robot state consists of the current position of 

robot ,x y , the target position ,t tx y , and the feature vector 

obtained as the output of the autoencoder. 

t

t

x

y

xs

y

f

 
 
 
 =
 
 
 
 

                    (2) 

Here, f  is feature vector obtained from autoencoder. 

The state of the robot is the input to the actor network, and 

the actor network output an angle   that represents the di-

rection of the robot’s motion. 

Since the range of the robot’s moving direction angle must 

be [ ,  ) −  we have restricted the output result of the last 

layer of the actor network to be the same. 

When the robot’s moving direction is output, it moves the 

robot a certain distance 0d  in that direction, and then the 

robot’s position changes as follows: 

1 0

1 0

cos

sin

k k

k k

x x d

y y d





+

+

= +

= +
              (3) 

Here 0d  is the robot’s displacement when the robot 

moved with a normal moving speed during the sampling time, 

and k  represents the step number. 

The overall configuration of the proposed method is shown 

in Figure 6. 

 
Figure 6. Configuration of proposed method. 

4. Simulation Result and Analysis 

4.1. Configuration of the Environment 

Simulation was performed on 8GB RAM, Intel 

Core-i7-11800H processor with 2.3GHz operation frequency 

and NVIDIA RTX 3050 GPU on the robot experiment plat-

form CoppeliaSim. 

Map size is 4×4, and number and position of obstacles, 

position of the target are randomly set. 

Structure of actor and critic network is given in Table 4 and 5. 
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Table 4. Parameters of the Critic Network. 

Layer Type Number of parameters Activation 

Input  15  

Layer1 Dense 256 ReLU 

Output Dense 1 Linear 

 

The input of the Critic network consists of the current po-

sition of the robot, the position of the target point, the feature 

vector obtained by the autoencoder, and the orientation angle 

  output from the actor network, and the output is a state 

value Q. 

Critic network is regression network to obtain state values, 

so no activation functions are used in the output layer. 

Table 5. Parameters of the Actor Network. 

Layer Type Number of parameters Activation 

Input  14  

Layer1 Dense 1024 tanh 

Layer2 Dense 256 tanh 

Output Dense 6 tanh   

 

The input of the Actor network consists of the current po-

sition of the robot, the position of the target point, and the 

feature vector obtained by the autoencoder, and the output is 

an orientation angle  . 

The output of the Actor network is in the range [ ,  ) −  

as the orientation angle the robot must move, so the activa-

tion function of the output layer is given by tanh  . 

The hyperparameters for applying the DDPG algorithm 

are given in Table 6. 

Table 6. Hyperparameters for DDPG algorithm. 

Parameter Definition Value 

P  Initial number of steps 500 

M  Size of minibatch 128 

  Exploration noise 0.5*0.995(num of training) 

C  Updating frequency of the target network 1 

D  Size of experience pool 10000 

  Learning rate actor-
410− , critic-

310−  

  Discount factor 0.9 

  Soft replacement factor 0.001 
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4.2. Simulation Result and Analysis 

In the path planning simulation, the path planning of a 

mobile robot is performed using the proposed method when 

the position, number of obstacles and position of the target are 

changed. 

Figure 7 shows the results of the path planning simulation 

using the proposed method. 

  

  
Figure 7. Path planning result using proposed method. 

As can be seen, the learning was performed by reflecting 

the position information of the obstacles, thus generating an 

efficient path under the various obstacles and target positions. 

Meanwhile, we measured the inference time of the pro-

posed method to ensure the real-time performance of the path 

planning. 

The inference time of the proposed algorithm is below 0.07 

s, and when the maximum moving speed of obstacle is 1 m/s, 

it is found that the change in obstacle position for the time is 

0.07 m, which is not larger than the grid size specified by the 

DDPG algorithm, so it is fully applicable in dynamically 

changing environments. 

The path planning method using DDPG algorithm not only 

can overcome local minima and successfully perform the 

robot path planning in continuous environment, but also is 

convenient for robot navigation because the robot’s action 

space is continuous. 

As the experimental results show, the proposed method is 

more optimized than the existing algorithm for any obstacle 

condition and generates a reasonable path from the viewpoint 

of robot control. 

5. Conclusion 

In general, we use the DDPG algorithm, a deep rein-

forcement learning algorithm, for intelligent mobile robot 

control in continuous action space. 

The advantage of DRL based path planning methods is that 

path planning in unknown environments performs better than 

existing algorithms. 
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To do this, the position information of the obstacles must be 

reflected in the state, and as the order of the state increases, the 

number of operations increases rapidly, resulting in a long 

learning time and even in the case of the algorithm not con-

vergent. 

Hence, the feature vector of states containing the position 

information of obstacles is extracted using the dimensionality 

reduction algorithm, and the DDPG algorithm is trained using 

it to take advantage of the reinforcement learning algorithm. 

We have extracted the features of the obstacle state using 

the autoencoder and trained the DDPG algorithm using the 

obtained feature vector, thus providing a method to solve the 

intelligent mobile robot control problem in dynamic envi-

ronment. 

Simulation results show that our method can fully respond 

to the dynamic changes of obstacles while ensuring the con-

vergence of the DDPG algorithm and generate a reasonable 

optimized path from the viewpoint of robot control. 

Abbreviations 

DDPG Deep Deterministic Policy Gradient 

DRL Deep Reinforcement Learning 

BFS Breadth First Search 

DFS Depth First Search 

PSO Paarticle Swarm Optimization 

ACO Ant Colony Algorithm 

RL Reinforcement Learning 
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