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Abstract: A semi-automatic wheelchair allows disabled people to possibly control in an indoor
environment with obstacles and targets. The paper proposes an EEG-based control system for the
wheelchair based on a grid map designed to allow disabled people to reach any preset destination. In
particular, the grid map is constructed by dividing it into grid cells that may contain free spaces or
obstacles. The map with the grid cells is simulated to find the optimal paths to the target positions us-
ing a Deep Q-Networks (DQNs) model with the Parametric Rectified Linear Unit (PReLU) activation
function, in which a novel algorithm for finding the optimal path planning by converting wheelchair
actions is applied using the output parameters of the DQNs. For the wheelchair movement in
one real indoor environment corresponding to the virtual 2D grid map, the initial position of the
wheelchair will be determined based on natural landmarks and a graphical user interface designed
for on-screen display can support disabled people in selecting the desired destination from a list of
predefined locations using Electroencephalogram (EEG) signals by blinking eyes. Therefore, one user
can easily and safely control the wheelchair using an EEG system to reach the desired target when
the wheelchair position and destination are determined in the indoor environment. As a result, a
grid map was developed and experiments for the semi-automatic wheelchair control were performed
in real indoor environments to illustrate the effectiveness of the proposed method. In addition, the
system is a platform to develop different types of controls depending on the types of user disabilities
and different environmental maps built.

Keywords: EEG; BCI; graphical user interface; wheelchair navigation; grid map; natural landmark;
optimal paths; deep Q-networks

1. Introduction

In recent years, many methods have been introduced to develop types of smart
wheelchairs for people with different disabilities such as assistive technology [1], user
physical interface [2], or semi-control (sharing control between user and machine) [3]. One
of the most important problems in a smart wheelchair is to provide independent mobility
for the elderly or severely disabled people, who cannot control an electric wheelchair
using a joystick. Therefore, restoring their activity skills can significantly improve their
life quality. The development of a typical smart wheelchair highly depends on the ability
and disability of the user. It means that a patient with impaired activity often lacks muscle
control and then it is difficult to control the movement of the arms and legs in the worst
case. To support the mobility of patients, signals for control can be generated from actions
such as voice, thoughts, eyes, and tongue [4–6]. In order to obtain good signals, users must
control their emotions well and also highly concentrate for accuracy. This is difficult for
users with severe disability, although it may be a good option. For people with severe
disability, the best solution could use multiple signals from sensors installed on the user’s
body parts and the surrounding environment and the signals are analyzed before giving
the desired commands for wheelchair control [7]. Using this solution could improve the
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difficulty of people with severe disability in the wheelchair control compared to solutions
using one input.

EEG signals related to the human brain, which have challenging problems, have
attracted many researchers. In particular, recent research on cognitive and motor control to
improve the Brain–Computer Interface (BCI) for enhancing the health of elderly people has
been shown [8]. According to this study, the BCI system can be useful for elderly people in
training their motor/cognitive abilities to prevent the effects of aging. Therefore, it can help
them to more easily control household appliances and to communicate information in daily
activities. In [9], the authors represented the physical principles of BCI and the fundamental
new methods for acquiring and analyzing EEG signals for controls related to brain activities.
In particular, the BCI system was classified into three main categories including active,
reactive, and passive. Regarding an active BCI, the neuro interface user controls a complex
external device such as a wheelchair through a series of functional components of the
control system and sees the results of this control on a screen. Reactive BCI inherits many
features of active BCI, with a significant change to implement a control system based on the
classification of brain responses to stimuli such as visuals, sounds, and touch. Passive BCIs
are designed to monitor current brain activity and thereby provide important information
about the operator’s mental state, user intent, and situational interpretation. The Brain-
Controlled Wheelchair (BCW) is a typical BCI application, which can help people with a
physical disability to communicate with the outside environment. In [10], the BCW was
exploited from many aspects, including the type of EEG signal acquisition, the command
set for the control system, and the control method. Moreover, the authors summarized the
recent development of the BCW and it can be mainly expressed in three aspects: from the
wet electrode to the dry electrode; from single-mode to multi-mode; from synchronous
control to asynchronous control. Therefore, it indicates that new functions have been
employed in the BCW to increase its stability and robustness.

Mapping and navigation for wheelchairs or self-propelled robots have attracted many
researchers in recent decades. The wheelchairs or self-propelled robots need to be provided
maps for movement in detail so that they can be located in moving spaces. Moreover, their
current coordinates were used as a basis for collecting new information during the moving
process [11]. Mapping algorithms were gradually developed as Simultaneous Localization
and Mapping (SLAM) algorithms and were applied to draw 3D maps [12], in which the
computational problem of constructing or updating a map of an unknown environment
is represented, with simultaneously keeping track of an agent’s location within it. An
image processing method was employed to identify fixed artificial landmarks built in
moving space [13]. Thus, these fixed artificial landmarks were applied for determining
the current location of a wheelchair on a map built in advance during its movement.
Alcantarilla et al. proposed a powerful and fast method of positioning a wheelchair based
on computer vision, in which image features were extracted and then combined with map
components to provide a current position of self-propelled robots [14,15]. In fact, mapping
for mobile robots in the environment is a major challenge due to the data obtained from
the environment and the algorithm applied on them [16–18]. Landmark information for
mobile robots plays an important role, in which types of landmarks [19–22] such as doors,
stairs, walls, ceilings, and floors were selected and features were extracted for identification.
Therefore, to detect the landmarks with their features, one could be based on color, texture,
brightness, and obstacle size.

In recent years, the Reinforcement Learning (RL) method has achieved great success
in many tasks including games [23] and simulation control agents [24]. Applications of
the RL method in robot manufacturing are mostly limited in operation methods [25], in
which the workspace could be fully observed and very stable. With mobile robots, complex
environments can expand the sample space, while the RL method often takes action samples
from a separate space for simpler processing of problems [26]. In [27], the RL method
was applied for autonomous navigation based on the input of image information and
has achieved significant success. The authors of this research analyzed agent behavior in
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static mazes with complex geometries, starting positions, and random orientations, while
target positions could vary. The results showed that this RL method could allow the agent
to navigate in large and intuitive environments, in which there were starting and target
positions which were changed frequently, but the maze layout was always static. In [28],
Yuke Zhu et al. tried to find the sequence of actions with minimum distance to move
an agent from its current position to the target specified by the RGB image. This means
that they have to collect a large number of different images to process before training the
navigation model.

Finding a path on a static grid map is a well-known issue and well researched in AI
communities, in which planners and robots with lots of methods and algorithms have been
proposed to date [29,30]. Most of these algorithms are based on heuristic searching in the
state space created by grid cells. In general, one prominent issue is that Neural Networks
(NNs) work well with all types of tasks with data collected from sensors or images and then
they are used as an input of the NN. The cells contain only two types of cells, including
movable and non-movable, and they look like a perfect input for Modern Artificial Neural
Network (MANN) architectures, such as a Convolutional Neural Network (CNN) and
Recurrent Neural Network (RNN) [31–34]. In [23], the DQN algorithm was applied due to
solving many challenges related to autonomous control [35]. In particular, this algorithm
combines the Q-Learning algorithm with neural networks, in which DQNs solve problems
with high-dimensional observation spaces using neural networks to estimate Q-values for
corresponding actions. Mostly, deep RL training including DQNs and their variants is
performed in a virtual environment, because the process of training using a trial and error
method can lead to damage to real robots in typical tasks. The big difference between the
structural simulation environment and the very complex real-world environment is the
main challenge to directly transfer a trained model into a real robot.

In this article, an RL method applied to obtain results of the optimal path planning
in a virtual 2D grid map is presented. In particular, in the first stage, the virtual 2D grid
map is built based on a real environment, including free spaces, obstacles, landmarks, and
targets. This virtual 2D grid map will be connected to the input of a DQN and the DQN’s
output is the Q-value of four actions (Right, Left, Up, Down) and the action with the largest
Q-value will be selected so that the wheelchair can reach the desired target from any start
point in the real environment. Therefore, in the second one, when the wheelchair moves
in this real environment, it can use the scenery fully simulated as a Motion Planner (MP)
through the virtual 2D grid map. Moreover, the wheelchair needs to determine its current
position in both real and virtual environments with natural landmarks for movement.
With the start and target positions determined, the MP will suggest the optimal path with
control commands and a Wheelchair’s Action Converter (WAC) will convert these control
commands into actual control commands so that the wheelchair can complete its schedule.
Finally, we evaluate the performance of the proposed model by performing a series of
tests in simulation and in real environments. The results showed that the RL network
architecture applied in this research to path-finding tasks is a potential issue in mobile
vehicles in real environments based on landmarks, obstacles, and start and target points.

This article consists of four sections: Section 2 presents the structure of the system, the
method for selecting destinations using EEG signals, and applying the RL algorithm for
determining the optimal path of the wheelchair to the selected destination. In Section 3,
the description of the basic specifications applied for wheelchair movement is given and
the experiments related to the basic functions of the system and the experimental results
using the proposed method are discussed. Finally, Section 4 presents the conclusions about
this research.
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2. Materials and Methods
2.1. System Architecture

In this research, one system architecture for an optimal path planning is proposed for
wheelchair navigation to reach the desired targets. This system architecture includes two
stages for the electric wheelchair in an indoor environment as described in Figure 1. In the
first stage, the 2D grid maps with cells simulated based on one real indoor environment
with different targets will provide information of cell states and targets’ coordinates which
are the inputs of DQNs. After being trained, the DQN model will have optimal parameters
that can estimate the Q-values of all possible actions for that state. Therefore, the DQNs
will have 4 outputs corresponding to 4 actions (Up, Down, Left, Right). Therefore, each 2D
grid map is just built for one of the targets in one real indoor environment, so each DQN
model is obtained for one MP.
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Figure 1. Representation of the system architecture for finding the optimal path of the wheelchair
based on the 2D grid map.

The second stage is that the wheelchair will be controlled to reach the desired target in
one real indoor environment. At the start time, the wheelchair will determine its start state
itself based on natural landmarks and the desired target position in the real environment
is known. When receiving the initial state of the wheelchair on the grid map, the DQN
model will estimate the Q-values of 4 outputs corresponding to 4 actions (Up, Down, Left,
Right). Therefore, the action with the highest Q-value will be selected. With this action, a
new state on the grid map will be updated and then this new state will be the input to the
DQN model and it will also select a corresponding action. This process will repeat and
end when the state is the target. After navigating the optimal path to be able to reach the
desired target, the MP with a sequence of actions (Right, Left, Up, Down) and the WAC
will allow the wheelchair to move following this optimal path to reach that desired target.

In addition, as shown in Figure 1, the user needs to select a destination on the grid
map using EEG signals. In the semi-automatic wheelchair system, the construction and the
selection of destinations in a grid map for severely disabled people are a very important
task. For people with severe disabilities not able to use normal controls, such as pressing a
button, controlling a joystick, or touching a control screen, the EEG signal for controlling the
semi-automatic wheelchair is a useful option. Using the EEG signal for directly controlling
the semi-automatic wheelchair may cause stress due to concentrating for a long time, so
the user can choose the desired destination through a screen interface with commands
suitably designed for his/her actual environment [36]. The commands on the interface
screen are assigned based on the type of the EEG signal from the user’s face behaviors.
Figure 2 describes the process of collecting, processing, and analyzing EEG signals for
performing control commands related to the user interface. EEG signals are collected from
an Emotiv EPOC system with 14 channels (14 electrodes) [37]. In particular, the EEG signals
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are collected from the electrodes located in the prefrontal cortex considered to be the most
reliable signals. Therefore, the EEG signals are transferred to the signal pre-processing
block for filtering and scaling before being sent to the feature extraction block. For the
control of the wheelchair, the EEG signals after pre-processing are sent to the classification
block for classifying input signals to produce control commands [36–38]. It means that the
user can use the control commands for selecting one of destinations on the environmental
map to reach.
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The user interface is always designed to be simple and easy for disabled people,
particularly, all commands can be operated using the BCI only as described in Figure 3.
On the interface, the user will see a vertical menu with the symbols of destination names.
The names in this menu are the pre-defined destinations such as living room, kitchen,
and bedroom. To control the commands to reach the destinations, the act of closing the
right eye of user is the command for selecting the desired destination. In particular, the
user needs to close the right eye for 2 s to be able to move the cursor on the screen to
the desired destination and then close the left eye to confirm the desired destination
as shown in Figure 4. If the user wants to cancel the selected commands or cancel the
selected destination, the user needs to perform the distortion of the mouth to the right. All
operations selected for controlling the user interface with the designed destinations were
tested on many users and the real results using the designed EEG commands produced the
highest accuracy.
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2.2. Deep Q-Networks for Optimal Path Planning

In this study, DQNs were applied to find optimal paths as Q-tables based on virtual 2D
grid maps through simulation, in which each target uses a virtual grid map and also many
optimal paths are found for the wheelchair to reach that target from any start position of the
wheelchair. In the DQNs, we could set variables related to the operation of the wheelchair
and one real environment, particularly, the wheelchair is called Agent on a virtual 2D grid
map (Environment), consisting of obstacles and free spaces. With the positions of start
and target, Agent’s task is to reach the target cell. In addition, the Agent interacts with
Environment based on Actions (Left, Right, Up, Down). After each Action, Environment
returns to Agent and State St = (xt, yt) is the wheelchair position at time t, with the (x, y)
grid coordinate, and the reward points (Reward, R) correspond to that State. In addition,
Agent has a limited State, St є S, with an m × n pre-defined size of S, and Agent is often
placed in the middle of the grid cells for the possibility of moving in all four directions.

In this algorithm, State consists of three types of obstacle So, free space Sf, and target
Sg. At each moment t, Agent is the State St and needs to select an Action from a fixed set of
possible Actions. Therefore, the decision to select which Action for movement operation
is only dependent on the current State, not the Action history, due to being irrelevant. In
addition, the result of Action at time at will cause the conversion from the current State St
at time t to the new State St+1 at the time (t + 1) and then immediate Reward collected after
each Action R(st, at) є [–1, 1] is calculated using the following rule:

R(st, at) =


R f i f at = st → s f
Rg i f at = st → sg
Ro i f at = st → so

. (1)

Each movement of the wheelchair from one cell to an adjacent cell will lose Rf points
and this will prevent it from wandering around and possibly reaching the desired target
with the shortest path. In this algorithm, the maximum Reward is Rg points for movement
of the wheelchair to hit the target. While the wheelchair tries to enter an obstacle cell,
Ro points will be subtracted. It means that this is a serious punishment (penalty), so the
wheelchair will learn how to completely avoid the punishment and so the effort to move
to an obstacle cell is invalid and cannot be performed. The same rule for an attempt to
move outside the map boundary with a punishment of Rb points applies. The case is
that the wheelchair will lose Rp points for any movement to the cell that has been passed.
Moreover, to avoid infinite loops during the training process using the DQNs, the total
Reward is bigger than the negative threshold (thr × m × n) and then the wheelchair can
move normally. Inversely, the movement of the wheelchair can be lost and many errors can
be made, so the training needs to be carried out again until the total Reward is enough.

In this DQN, the main learning model is a Feedforward Neural Network (FWNN)
with backpropagation training algorithm, in which the environmental States are the input
of the network and bring Rewards back for each Action vector. The goal of Agent is to
move following the map by a Policy to obtain a maximum Reward from the Environment.
Therefore, Policy π at State st produces an Action at so that the total Reward Q Agent
receives is the largest and is calculated by the following equation:

π(st) = arg max Q(st, ai)
i=0,1,...,n

, (2)

Q(st, at) = R(st, at) + γ.max Q(st+1, ai)
i=0,...,n

, (3)

in which Q(st, ai) are Actions, ai (i = 0, 1, . . . , (n−1)), n denotes the number of Actions
and satisfies the following equation of Bellman [35], st+1 is the next State, γ denotes the
discount coefficient which makes sure that Agent is far from the target and it is smaller
than the Q-value.
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For approximating Q(st, at), the FWNN has the input as a State and its output is the
vector Q, in which the Q-value corresponds to n Actions. In addition, Qi approximates the
value of Q(st, ati) for each Action ati. When the network is fully and accurately trained, it
will be used in the optimal path planning model for selecting Policy π as follows:

π(st) = aj, (4)

j = arg max(Qi)
i=0,...,n

, (5)

in which the value j is determined based on the maximum Q.
The purpose of the neural network model is to learn how to exactly estimate the

Q-value for Actions, so the objective/goal function applied here is to calculate the error Loss
between the actual and predicted values Q and it is described by the following equation:

Loss =
(

R(st, at) + γ max
at+1

Q(st+1, at+1)−Q(st, at)

)2
. (6)

In addition, the FWNN model has the input of the current State and the outputs of
the values Q. However, if the input of the FWNN is continually pushed into each State, it
is very easily overfitted because the States are often the same and linear. For eliminating
the overfitting problem in the FWNN model, a technique, called experience replay [23], is
applied. In particular, instead of each State, the network is updated once, and the State
is saved into memory and then sampled as small batches connected to the input of the
FWNN for training. Therefore, it may provide diversification of the FWNN input and also
avoid the overfitting problem. In this case, the training model will forget old samples not
good enough for the training process and then they will be deleted from memory.

The FWNN model used in the training system has two hidden layers with the number
of nodes equal to that of cells in the virtual 2D grid map built in the indoor environment.
In addition, the size of the input layer is similar to the hidden one due to States of the
virtual map used as the input. The output layer has the number of neurons equal to Actions
(four Actions used in this paper) due to predicting the Q-value to estimate each Action.
Finally, the FWNN model will choose the largest Q-value to perform an Action for the next
State. In this research, the Parametric Rectified Linear Unit (PReLU) activation function,
the optimization method of RMSProp, and the loss function of Mean Squared Error (MSE)
are applied in the model for optimal path planning.

f (yi) = f (yi) = max(0, yi) + aimin(0, yi) (7)

in which yi is any input on the ith layer and ai is the negative slope which is a learnable
parameter.

2.3. Wheelchair Navigation in Real Environment

In the optimal path planning, a simulated 2D grid map plays one very important
role due to showing optimal paths for navigating the electric wheelchair to targets. In
particular, one 2D grid map is simulated based on a lot of information related to one real
environment. It means that the wheelchair, when moving in one real environment, may
use parameters and State values for wheelchair navigation. Therefore, the simulated 2D
grid map is divided into a lot of cells, including free spaces and occupancies. Each cell
is calculated to be an actual area in the real environment with free spaces and obstacles
and it can be one free space or one occupancy (obstacle). Therefore, we assume that the
wheelchair can be driven through these free space areas to reach the desired target.

Figure 5 describes the 2D grid maps with occupancies and cells, including m × n cells
in the indoor environment, in which the wheelchair can move through to reach targets.
In particular, the real environment with objects (blue) is measured and divided into cells
with the size of the wheelchair for creating the map as shown in Figure 5a. Therefore, the
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map with the divided cells is converted into a 2D grid map with calculation for filling cells
related to obstacles (yellow). Therefore, the 2D grid map in Figure 5b is simulated to create
the virtual 2D grid map as described in Figure 5c. The cells in the virtual 2D grid map are
assigned 1 s to represent the occupied workspace (obstacles) and 0 s for the free workspace.
Therefore, this virtual 2D grid map is considered as a binary map with black and white
cells and the original coordinate of the virtual map is in the top left corner with the first
location (0,0). It is obvious that this virtual map lets us know all cell locations which are
used to find optimal paths using the algorithm of DQNs.
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Figure 5. The occupancy 2D grid map of the real environment. (a) Environmental grid map with real
obstacles and cells; (b) occupied cells related to the real obstacles; (c) virtual 2D grid map with black
occupancy cells.

In this model, the wheelchair is located on a map through landmarks including the
location and direction of the wheelchair on the map. The update of the position of the
wheelchair is carried out when starting the movement for the first time. In this method,
only the wheelchair location is connected to the input of the MP block for determining the
optimal path and then it shows specific Actions with that State of the wheelchair.

One of the most important parts in the wheelchair control system is the wheelchair
location in a real indoor environment for navigation. In a real indoor environment, natural
landmarks will be automatically collected for creating one database for locating the motion
wheelchair. In particular, the Features from Accelerated Segment Test (FAST) method is
used to extract features of images captured from the camera system. Therefore, objects in
the image that have the largest density of feature points are chosen to be natural landmarks
and then the Speeded-Up Robust Features (SURF) algorithm is applied to identify these
landmarks [39]. In this research, when the wheelchair is in the real environment as described
in Figure 6, its initial location is determined based on three landmarks captured from a
camera system installed on the wheelchair. Assume that the wheelchair moves in the flat
space OXY with the unknown coordinates W(x, y) and landmarks related to the coordinates
in the real indoor environment. Therefore, obstacles selected as landmarks have distinctive
characteristics which are different from other landmarks with their coordinates A(xA, yA),
B(xB, yB), and C(xC, yC) [40]. The wheelchair position can be determined if the coordinates
of the landmarks and the corresponding distances from the wheelchair to the landmarks
are known. Based on the wheelchair location determined as above, the wheelchair position
on the real grid map with the square cell size (a × a) is Sw

( x
a , y

a
)
.

The starting point SW(1,0) ε Sf and the target Ti(3,2) ε T are obtained based on the
pre-trained map with this target, in which Sf is a set of free cells and T is a set of known
targets. Therefore, the MP gives one optimal path which is a set of Actions including
Right, Right, Down, Down as shown in Figure 6. It means that the wheelchair impossibly
moves based on these Actions due to the wheelchair model in this research not being an
omnidirectional control model. In Figure 7a, the two-input converting block is Action a,
determined from the MP output, and the initial direction d of the wheelchair includes the
four directions (Up, Down, Left, Right) as described in Figure 7b. Thus, the output of the
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converting block aw is an Action that is suitable with the wheelchair orientation/direction
in the real environment.
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Figure 7. The representation of converting actual control commands from the simulation. (a) Con-
verter with the simulated inputs and the actual outputs; (b) representation of four control directions.

The training process for finding the optimal path will produce a series of Actions with
different States, in which these Actions will produce many optimal paths dependent on the
initial position of the wheelchair. Therefore, after each Action a, the wheelchair direction
d will change into a new direction d′. For the movement of the wheelchair, we propose a
novel algorithm based on the WAC as described in Figure 7. In particular, the wheelchair
Actions aw and the new direction d′ = a during its movement in real environment need to
be determined and this algorithm is expressed as follows:

aw =


Forward i f a = Up
Backward i f a = Down
Le f t− Forward i f a = Le f t
Right− Forward i f a = Right

d = Up

, (8a)


aw =


Forward i f a = Down
Backward i f a = Up
Le f t− Forward i f a = Right
Right and Forward i f a = Le f t

d = Down

, (8b)


aw =


Forward i f a = Le f t
Backward i f a = Right
Le f t − Forward i f a = Down
Right − Forward i f a = Up

d = Le f t

, (8c)
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aw =


Forward i f a = Right
Backward i f a = Le f t
Le f t − Forward i f a = Up
Right − Forward i f a = Down

d = Right

, (8d)

in which a and d are the parameters which are determined based on Action and direction
in MP. In Equations (8a)–(8d), the wheelchair Actions aw are defined as follows:

• aw = Forward: The wheelchair will go straight;
• aw = Backward: The wheelchair will go back;
• aw = Left-Forward: The wheelchair will rotate left and then go straight;
• aw = Right-Forward: The wheelchair will rotate right and then go straight;
• aw = Stop if a = no Action: The wheelchair will stop.

3. Results and Discussion
3.1. Simulation of Path Training for the Wheelchair Based on 2D Grid Map

We constructed two grid maps depicting the indoor environment as shown in Figure 8,
where the white cells are the spaces, the black cells are the obstacles, and the red cells are
the targets. During training and testing the proposed structure, the PC configuration with
the Windows operating system was Intel (R) Core (TM) i5-6300U, 2.4 GHz, 16 GB RAM.
During each training, the starting position is randomly selected in the map and guaranteed
not to overlap with the obstacle cell. Table 1 describes the parameters which are trained in
the case as described in Figure 8.
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Table 1. Training Parameters.

Parameter Value

Learning rate 0.00001
Discount factor γ 0.8

Exploration 0.1
Mini-batch size 32

Replay memory size 100
Reward when moving outside the map Rb −0.8

Reward of free space Rf −0.4
Reward of obstacle Ro −0.75

Reward of goal Rg 1

To evaluate the effectiveness of the DQN method, we performed the experiment with
different steps and different environments, and the stable results of the DQN method
are shown in Figures 9 and 10 for each environment. In particular, we worked out the
experiment of the proposed model using DQNs with two activations of PReLU and ReLU
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for comparing the performance between them, where the horizontal axis is the number
of episodes and the vertical axis is the Win rate. The Win rate is calculated based on the
number of Wins per the total number of selected positions to start a game in an episode.
From Figure 9, we can see that the Win rate can increase or decrease or stay the same after
each episode.
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According to the results in Figure 9 with a small environment, the two models of
DQNs-PReLU and DQNs-PReLU have the same Win rate growth path and also reach the
maximum Win rate threshold of 1 after about 600 episodes. Figure 10 shows the Win rate
growth of the large environment with the two selected models. With the results of the model
of DQNs-PReLU in Figure 10a, when the episode is over 7000, the Win rate starts sharply
increasing and then reaches the maximum threshold at episode 15,000. Therefore, the Win
rate reaches saturation and this shows that the model meets the training requirements and
then ends. In contrast, according to the results shown in Figure 10b using the model of
DQNs-ReLU, the Win rate starts sharply increasing when the episode is over 25,000 and
reaches the maximum threshold when the episode is 240,000. After that, the Win rate
reaches saturation and this means that the model meets the requirements of training and
then ends. Thus, it can be seen that in a large environment, the model of DQNs-PReLU
more quickly reaches the maximum score than DQNs-ReLU.

In addition, the obtained results are comparable in terms of training time and the
number of episodes of the DQN model with the two types of activations as shown in Table 2.
In particular, in the small environment with 8 × 11, the difference in training time is not too
large, 36.3 s compared to 42.3 s for two ReLU and PReLU activations, respectively. With the
episode number of the two models of DQNs-ReLU and DQNs-PReLU used for training,
this environment is not much different, with episode numbers of 601 and 607, respectively.
However, with the larger environment of 11 × 33, there is a big difference in training time
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and the number of episodes between the two models. In particular, the training time of
the DQNs-ReLU model is nearly 4 times larger than that of the DQNs-PReLU model. In
addition, the average number of episodes per training time using the DQNs-ReLU model
is 15 times that of the DQNs-PReLU. This means that the DQNs-PReLU model gives better
performance than DQNs-ReLU using this environment.
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Table 2. The Relative Performance of Proposed DQN Models.

Environment Model Average No.
of Episodes

Average
Training Time

Small (8 × 11)
DQNs with ReLU activation 601.0 36.3 s

DQNs with PReLU activation 657.0 42.3 s

Large (11 × 33) DQNs with ReLU activation 244,879 6.05 h
DQNs with PReLU activation 16,015 35.24 min

Table 3 describes the comparison of episode and time using the DQN model with two
activations and previous models in training the two environments (small and large). In all
experiments of randomly trained models, we performed training of each case 10 times to
take the average training time and the average number of episodes. It is obvious that the
Traditional Q-Learning model shows a table to record the value of each pair (State, Action),
in which the State with the highest value indicates the most desirable Action. Therefore,
these values are constantly refined during training and this is a quick way to learn a Policy.
The second model, called the SARSA model, uses a setup similar to the previous model,
but takes fewer risks during learning. During the training process, depending on the small
or large environment, the training time and the number of episodes will be different.
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Table 3. The Relative Performance of Previous Models.

Environment Model Average No.
of Episodes

Average
Training Time

Small (8 × 11)
Traditional Q-Learning [41] 60.0 198.4 s

SARSA [42] 75.0 223.9 s

Large (11 × 33) Traditional Q-Learning [41] 235.0 1.45 h
SARSA [42] 275.0 57.23 min

In particular, with a small environment, the training time and the number of episodes
are less than those with a large environment as shown in Tables 2 and 3. Furthermore, in
Table 3, the models have a small number of episodes and a lot of time because Traditional
Q-Learning works based on finding the maximum reward for each step and the larger the
number of States, the larger the Q-table, so the calculation will take a lot of time. Meanwhile,
in Table 2, the DQN has a lot of episodes but it takes less computation time because the
DQN chooses some random and risky decisions to quickly obtain a high reward and it will
accept to lose a certain amount of episodes.

With the statistical results in Tables 2 and 3, although the number of episodes in
the training process is much larger than that of the Q-table-based models in Table 3, the
DQNs-PReLU model in Table 2 takes a longer training time in two training cases for both
small and large environments. In particular, for the small environment, the model of DQNs-
PReLU has about 10 times more episodes than the models of Traditional Q-Learning and
SARSA, but its training time is almost 5 times less than that of the Traditional Q-Learning
and SARSA. In addition, with a large environment, DQNs-PReLU has a large number of
about 16,015 episodes, nearly 60 times more than that using the Traditional Q-Learning,
and nearly 70 times more than that using the SARSA model. However, the training time
is significantly reduced with about 35.24 min compared to that of two models in Table 3,
1.45 h and 57.23 min, respectively. As an extra feature after learning, it saves the model to
disk so this can be loaded later for the next game. Therefore, a neural network needs to be
used in a real-world situation where training is separated from actual use.

3.2. Wheelchair Movement to Reach Map-Based Desired Target

The experiment was performed in an environment of 126.72 m2 which was divided
into square grids of one map with a size of 8 × 11, in which each square has a size of
1.2 m × 1.2 m as shown in Figure 11. The wheelchair was installed to be able to move at the
speed of 3 km/h for matching the processing speed of the system. An electrical wheelchair
was installed with an RGB-D camera system and other equipment as shown in Figure 12.
Information about the surrounding environment obtained from the camera system was
processed by a computer and then transferred to the motor system of the wheelchair for
motion control. In addition, in this research, we performed two experiments, including a
self-control user and an automatic control user. In the self-control user model, the user can
self-control commands such as going forward, backward, and turning right and left during
the wheelchair movement. Meanwhile, the automatic control user mode means that the
user can choose one of the targets by using EEG signals which are assigned to the targets to
reach [36] and our proposed algorithm in the wheelchair control system is applied so that
the wheelchair can automatically reach the chosen target.

Figure 13 shows the green real path of the wheelchair, which was controlled by the user
during reaching the target. In particular, the discontinuous green path is the desired path in
the real environment that the wheelchair needs to follow to reach the target, while the red
path of the wheelchair is the path controlled by self-control mode using EEG signals [38]
to go straight, turn left and right during reaching the destination. With the experiment
using the self-control, the wheelchair moved according to the red path and then turned to
the undesired direction shown by the red path and blue dash-dot ellipse. It means that in
this case, the wheelchair could very easily have an obstacle collision. In addition, with the
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mode of the self-control, the movement of the wheelchair is unstable and discontinuous as
shown in Figure 13. In particular, the wheelchair went straight, then stopped, turned right,
and then was continuously interrupted during the movement time. It is obvious that the
user was trying hard to control it to turn right or left and go straight.
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Figure 13. The real path of the wheelchair movement and the reference path.

For improving the wheelchair control using the self-control mode, we used the pro-
posed model with the semi-automatic control. With this mode, the user just needs to choose
one typical target by using EEG commands and then the wheelchair will automatically
move to reach the desired target with high stability and smoothness. In particular, using the
environmental map in Figure 11a–c, the actual paths of the wheelchair after moving to reach
the target were as shown in Figure 14b. Therefore, the moving process was re-calculated
and the path positions of the wheelchair with the axes of X and Y were re-drawn for the
purpose of the comparison with the simulation paths (blue arrows) as shown in Figure 14a.
The starting point of the wheelchair is random and the wheelchair automatically deter-
mines its position on the map by identifying landmarks in the environment. In particular,
in this case, the wheelchair determined it position on the grid map at the coordinate A(5,0)
and the direction of the wheelchair d is Up. In the semi-automatic wheelchair, people with
disabilities can control the wheelchair using EEG signals to select one of the commands on
the interface screen with one sign corresponding to the target C(0,5). With the starting point
A(5,0) and the target point C(0.5) selected, the RL model will produce a sequence of control
commands for the path and then these commands are converted to control commands in
the real environment for the wheelchair using Equations (8a)–(8d) as shown in Table 4.
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Table 4. Wheelchair Control Commands Converted from Simulation Commands.

State of
Wheelchair

Current Direction
D

Action of Model
A

New Direction
d′

Action of
Wheelchair aw

(5,0) to (4,0) Up Up Up Forward
(4,0) to (3,0) Up Up Up Forward
(3,0) to (2,0) Up Up Up Forward
(2,0) to (1,0) Up Up Up Forward
(1,0) to (1,1) Up Right Right Right–Forward
(1,1) to (1,2) Right Right Right Forward
(1,2) to (1,3) Right Right Right Forward
(1,3) to (1,4) Right Right Right Forward
(1,4) to (1,5) Right Right Right Forward
(1,5) to (0,5) Right Up Up Left–Forward

In addition, in this experiment, the actual path of the wheelchair with the proposed
method of DQNs (blue path) is compared with the standard path (green dashed path), as
shown in Figure 14b, for evaluating the wheelchair movement path and the simulated path.
The results showed that the wheelchair could move to reach the desired target with the
average error of ±0.2 m in the X axis and ±0.2 m in the Y axis.

The purpose of these experiments is to compare the results of the semi-automatic
control using the RL method with the self-control by the user using the EEG signals. In
particular, Figure 15a shows three graphs which represent the wheelchair movements, in
which the blue path is that of the proposed mode and the red path is that of the self-control
mode. From Figure 15a, it can be seen that the wheelchair’s path when controlled by
the semi-automatic control method is closer to the reference path than when using the
self-control method. In addition, the wheelchair path using the semi-automatic control
is smoother and more continuous than the path using the self-control. To clarify the two
control methods, we recorded the wheelchair control commands during the movement to
reach the destination.
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Figure 15. The comparison of the stable movements of the wheelchair in two control methods (semi-
automatic control and self-control). (a) The real paths of the two control methods and the reference
path; (b) the control sequences of the two control methods.

In Figure 15b, the control commands are shown on the vertical axis with the values of
−2, 0, 1, 2 corresponding to the commands to turn left, stop, go straight, and turn right.
Therefore, it could be seen that the wheelchair moved with high stability in the case of the
semi-automatic control with different movement environments compared to the mode of
the self-control user. In addition, the result showed that the automatic control user mode
spends less time on wheelchair movement with the average of about 80 s compared to that
of the self-control user with the average time of about 95 s.
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In another case, Figure 16d shows the simulation paths (blue arrows) of the wheelchair
based on the environmental map in Figure 16a–c when the wheelchair moves from O(0,0)
to C(0,5). From Figure 16e, it can be seen that the wheelchair’s path controlled by the semi-
automatic control method is shorter and smoother compared to the self-control method.
Further, the semi-automatic control method has an average error of 0.1 m in the X axis and
0.3 m in the Y axis compared with ±0.5 m in the X axis and ±0.5 m in the Y axis of the
self-control method. With Figure 16f, it can be seen that the wheelchair moved with high
stability in the case of the semi-automatic control with different movement environments
compared to the mode of the self-control user.
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Figure 16. The comparison of the stable movements of the wheelchair in two control methods (semi-
automatic control and self-control). (a) The 1st view of the real environment; (b) the 2nd view of the
real environment; (c) the 3rd view of the real environment; (d) the blue arrow route simulated using
DQNs; (e) the real paths of the two control methods and the reference path; (f) the control sequences
of the two control methods.
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4. Conclusions

The paper presents a semi-control method of an electric wheelchair combined with
an RGB-D camera system, a graphical user interface, and real environmental maps with
natural landmarks, in which optimal path planning for the wheelchair navigation was
determined. In particular, 2D grid maps were used for training to create the shortest paths
to the targets, in which the virtual-real RL method using DQNs carried out the training
process effectively. After training, disabled people may select the desired target on the
interface-user map using EEG signals to reach it. Therefore, the semi-control wheelchair
located itself based on natural landmarks during movement following the optimal path
from the motion planner in the real indoor environment. With the proposed method for
the optimal path based on DQNs, the semi-control wheelchair could operate well to reach
the desired target with small errors compared to the simulation trajectory, as well as to
the trajectory of the self-control user using an EEG system. It is obvious that, with our
proposed optimal path trajectory and the semi-automatic control method, the semi-control
wheelchair movement is more stable, safe, and takes less time for moving. As a result of
the proposed method, this wheelchair control system can be developed to apply to more
complex environments with obstacles in the future.
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