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Abstract: For autonomous navigation of mobile robots, obstacle avoidance capability and straight-line stability are es-
sential performance. Robots are required to move with suitable control values regarding velocity and angular velocity.
Therefore, we have focused on motion planning techniques and proposed end-to-end discrete motion planners. In one of
the motion planners, a deep neural network, DNN, was used to classify inputs into motion commands, such as straight,
right, and left. In environments with obstacles, the robot based on the motion planner successfully moved with discretized
control values depending on the motion commands. In this paper, we further present an end-to-end continuous motion
planner that allows the robot to move with continuous control values. In the navigation experiments, these two motion
planners are applied to the robot, and the navigation performance is discussed.
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1. INTRODUCTION

For autonomous navigation of mobile robots, obstacle
avoidance capability and straight-line stability are essen-
tial performance. Robots are required to move with suit-
able control values regarding velocity and angular veloc-
ity. In this paper, therefore, we focus on motion planning
techniques. Previously, artificial potential method [1],
dynamic window approach [2], and other motion plan-
ning techniques have been proposed. Since mathematical
models were used to decide the continuous control values
for sensor inputs, these were so-called model-based mo-
tion planners. Mobile robots based on the model-based
motion planners are, however, sometimes exhibit differ-
ent behavior depending directly on sensor inputs. Fur-
thermore, it is required to determine the model parame-
ters suitable to navigation environments.

For the drawbacks of the model-based planners, mo-
tion planners based on deep learning [3] have attracted
attention. The motion planners aim to approximate a re-
lationship between sensor inputs and motor outputs with
the use of deep neural networks, DNNs, instead of the
mathematical models. These are known as end-to-end
motion planners. Compared to model-based motion plan-
ners, end-to-end motion planners are less affected by sen-
sor noises, and model parameters are not used. In general,
DNNs and convolutional neural networks, CNNs, have
been used for regression and classification problems.

In the regression problem, an end-to-end motion plan-
ner based on CNN has successfully decided the continu-
ous control value of angular velocity for the image input
[4]. Furthermore, a target direction toward a destination
has been used as the input in addition to the camera im-
ages [5][6]. This motion planner enabled the robot to
move along a planned path toward the destination. In-
stead of camera sensors, 2D LiDARs have been used to
obtain range data. The input range data and target direc-
tion enabled a robot to move toward the destination while
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avoiding obstacles [7].
However, the DNNs and CNNs used in the regression

problem require a large amount of data for network train-
ing. As a result, such data sets increase in the training
cost. On the other hand, we have proposed an end-to-
end discrete motion planner based on a DNN [8] for the
classification problem. Fig. 1 shows our mobile robot
equipped with a 2D LiDAR.

2D LiDARAR

Fig. 1 Mobile robot equipped with 2D LiDAR

In the motion planner, the DNN was used to classify
the input range data and target direction into the motion
commands, such as straight, right, and left. After that,
discrete control values of the velocity and angular veloc-
ity depending on the classified motion commands were
decided and sent to the robot. Fig. 2 shows test environ-
ments given for autonomous navigation.

(a)Random obstacles (b)Dense obstacles (c)Dead end

Fig. 2 Corridor environments with obstacles



According to the discretized control values, the robot
based on the end-to-end motion planner successfully
moved toward the destination while avoiding the obsta-
cles as shown in Fig. 2(a) and Fig. 2(b). In order to take
into account a series of motions for a dead end as shown
in Fig. 2(c), moreover, we have proposed another end-
to-end discrete motion planner based on a deep recurrent
neural network, DRNN [9]. The motion planner enabled
the robot to stop at the dead end, rotate at the same posi-
tion, return to the doorway, and move on the right side of
the corridor.

Compared to continuous motion planners for the re-
gression problem, the discrete motion planners require
lower training costs. In contrast to the advantage, the
navigation performance of the discrete motion planners
is a challenging issue. In this paper, therefore, we present
continuous and discrete motion planners based on DNNs.
For the input, these motion planners decide continuous
and discrete control values of the velocity and angular
velocity. In the navigation experiments, these two mo-
tion planners are applied to the robot. As the navigation
performance, obstacle avoidance capability and straight-
line stability of the robot are discussed.

2. LEARNING FROM
DEMONSTRATION

2.1. Teaching System

For end-to-end motion planners based on DNNs, we
adopt a learning-from-demonstration approach. In this
approach, a mobile robot is first controlled by an operator.
In so doing, the sensor data and the corresponding control
values given by the operator are recorded as the input and
output of the DNNs. Eventually, the inputs and outputs
are acquired as data sets. After the teaching phase, in the
learning phase, the data sets are used for network training.

In the teaching phase, if the operator was just behind
the robot, the robot is controlled with unobtainable data
by the sensor. In the learning phase, such data sets might
be inadequate for network training. For the gap of en-
vironmental information between the operator and robot,
we have developed a teaching system as shown in Fig. 3.
In this system, both the operator and robot were allowed
to have the same environmental information.

Joystick

(a)Operator with joystick

Obstacle

Robot

(b)Controlled robot by operator

Fig. 3 Developed teaching system for learning from
demonstration

Since the robot is equipped with the 2D LiDAR, a map

of environment is built beforehand, and the robot is al-
lowed to localize the position and orientation in this map.
The information is then shared with the operator. In Fig.
3(a), the scanned range data and the localized position of
the robot in the occupancy grid map are displayed on the
monitor. In Fig. 3(b), the robot based on the human op-
eration is moving forward. In the corridor, obstacles are
newly arranged. When the obstacles are detected by the
robot, the range data is also denoted in the map and dis-
played on the monitor. In the teaching phase, the operator
in front of the monitor controls the velocity v and angu-
lar velocity ω with the left and right joysticks so that the
robot moves while avoiding the obstacles.

2.2. Input Data
The moving robot based on the human operation si-

multaneously records the range data as the input in the
training data sets. Fig. 4 illustrates the scanned range
data. In this paper, we assume that the 2D LiDAR has
limited scan angle, 180 [deg], and sensing area.

#N

#2

#1

Sensing area

2D LiDAR
Robot

Scanned range data Obstacle
Scanned point

Fig. 4 Top view of scanned range data by 2D LiDAR

Each time the robot scans the environment, N (1, 2,
· · · , N ) range data are obtained. If there was an obstacle
within the sensing area, a distance between the 2D Li-
DAR and scanned point of the obstacle is returned as the
range data. The range data enables the robot to avoid the
obstacle. However, the robot based on this motion might
move in a different direction from the destination. There-
fore, we use a direction angle as an additional input in the
training data sets.

As described in 2.1, the robot localizes the position
and orientation in a global map of environment. In this
map, a destination is designated by an operator. Thus a
direction angle, φ, is derived from the robot and destina-
tion. Fig. 5 illustrates the direction angle.

Goal

Robot

Sensing area

(a)Scanned range data

Sub-goal

Goal

a

Planned path

φ

(b)Sub-goal

Fig. 5 Definition of direction angle between robot and
sub-goal

In Fig. 5(a), the robot is allowed to turn right and left
according to the symmetrical input range data. In this



case, if a direction angle between the robot and goal des-
tination was used as the additional input, the robot turns
right. This is because that the robot moves so as to re-
duce the direction angle. Therefore, we use a sub-goal to
derive the direction angle. In Fig. 5(b), the robot is plan-
ning a path toward the goal destination. Furthermore, a
dashed circle centered at the robot with a radius of a is
drawn. Then, a sub-goal is arranged at the intersection
between the planned path and dashed circle. Finally, a
direction angle between the robot and sub-goal, φ, is de-
rived. By using the direction angle, φ, as the additional
input, the robot is allowed to turn left toward the sub-goal
and move toward the goal destination.

2.3. Output Data

The operator controls the velocity v and angular ve-
locity ω of the robot through the joysticks. These control
values, v and ω, are sent to the robot for the human op-
eration. Therefore, the moving robot based on the human
operation simultaneously records the velocity and angu-
lar velocity as the output in the training data sets.

For the continuous motion planner, these continuous
values are the output data. For the discrete motion plan-
ner, the continuous values of v and ω are discretized into
the three motion commands depending on the combina-
tions as follows:
• if v > 0 and ω = 0, then “straight,”
• else if v > 0 and ω < 0, then “right,” and
• else if v > 0 and ω > 0, then “left.”
Instead of v and ω, the motion commands are the output
data.

Finally, the training data sets are composed of the in-
put and output data at the same sampling time. In the
learning phase, the output data, which are the continuous
values of v and ω and the motion commands, are used as
the supervisory signals for network training.

3. END-TO-END MOTION PLANNERS

3.1. Deep Neural Networks

From DNNs, continuous values and discrete values are
derived as the control values of the velocity and angular
velocity. These control values are sent to the robot for
autonomous navigation. In order to decide the suitable
control values for the regression and classification prob-
lems, we present two motion planners based on DNNs as
illustrated in Fig. 6.

The N range data obtained from the 2D LiDAR and
direction angle φ are the input to both the DNNs. Since
the 2D LiDAR shown in Fig. 1 has N range data, the
input layer is composed of N + 1 units. In addition, both
of the DNNs are composed of four hidden layers. In Fig.
6(a), since the control targets are the velocity and angular
velocity, the output layer is composed of two units. In
Fig. 6(b), the output layer is composed of three units
corresponding to the number of motion commands. All
the units in each layer are fully connected to the ones in
the following layer through the connection weight w. In
each unit, the rectifier is used as an activation function.
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Fig. 6 DNNs used in the motion planners

In Fig. 6(a), the continuous values of the velocity v
and angular velocity ω are decided. Thus, v and ω are
directly sent to the robot. In Fig. 6(b), on the other hand,
each unit in the output layer computes oi, and oi is con-
verted into a probability, pi, by the softmax function. As
a result, the input data is classified into a motion com-
mand with the highest probability. Finally, the velocity v
and angular velocity ω discretized depending on the mo-
tion command, i.e. straight, right, or left, are decided and
sent to the robot.

3.2. Training Data Sets

In the teaching phase, training data sets are acquired
as described in 2. The mobile robot as shown in Fig. 1
is used. The robot is equipped with the 2D LiDAR at a
height of 0.2 [m]. The sensing range of the 2D LiDAR
is 4.0 [m]. The robot motion is controlled by an operator
in three environments as shown in Fig. 7. The mark “S”
indicates the initial position of the robot and “G” is the
destination.

S

G

(a)1st environment

S

G

(b)2nd environment

S

G

(c)3rd environment

Fig. 7 Teaching environments with tables and chairs as
obstacles

The number of obstacles and these positions are differ-
ent in each environment. In Fig. 7(a) and Fig. 7(b), the
robot based on the human operation moves toward the
destinations while avoiding the obstacles. In Fig. 7(c),
since the obstacles are located against the wall, the robot
just moves straight toward the destination.

In order for the robot to localize the position and orien-



tation, Monte Carlo Localization, MCL [10], is applied.
As for the direction angle, Dijkstra’s algorithm [11] is
used as a path planner in Fig. 5(b). During the robot is
moving, the path planning is constantly executed. Finally,
3000 data sets were acquired.

3.3. Network Training

For each input in the data sets, the network training of
the continuous motion planner shown in Fig. 6(a) is done
by comparing the derived velocity and angular velocity
with the supervisory signals. The network training of the
discrete motion planner shown in Fig. 6(b) is also done
by comparing the classified motion commands with the
supervisory signals. The mean square error is used for
the continuous motion planner and the cross-entropy is
used for the discrete motion planner. In backpropagation,
the Adam optimizer [12] is used to update each connec-
tion weight w. Furthermore, the units in the last hidden
layer are dropped out with a probability of 0.5 to reduce
overfitting.

In consideration of the LiDAR resolution, the range
data in Fig. 4 is given N = 512. Thus the input layer
in Fig. 6 is composed of 513 units in total. These input
data are then compressed down into 500, 200, 100, and
50 units in the hidden layers. Fig. 8 shows the result of
the network training in the learning phase.
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Fig. 8 Loss transition of DNN for 3000 data sets

As the network training proceeded, the loss value of
each DNN was decreased. This result indicates that the
DNNs increased the regression and classification accura-
cies through the learning-from-demonstration approach.
Since the loss values at the 30th epoch were minimized,
0.022 and 0.23, the DNNs based on these results are used
as the end-to-end continuous and discrete motion plan-
ners for autonomous navigation of the robot.

4. NAVIGATION EXPERIMENTS

4.1. Settings

As well as the learning phase in 3, the same mobile
robot equipped with the 2D LiDAR as shown in Fig. 1
is used in this experiment. For obstacle avoidance, the
following two end-to-end motion planners based on the
DNNs at the 30th epoch in Fig. 8 are applied to the robot:
1. continuous motion planner, CMP, — Fig. 6(a) and
2. discrete motion planner, DMP, — Fig. 6(b).

Both the motion planners use the 512 range data and
direction angle φ as the input. The sub-goal in Fig. 5(b)

is arranged by the dashed circle with a radius of a = 1.0
[m]. Since the CMP decides the continuous control val-
ues of the velocity v and angular velocity ω, v [m/s] and
ω [rad/s] are directly sent to the robot. The DMP classi-
fies the input data into any one of the straight, right, or
left command. After that, the discretized velocity v and
angular velocity ω depending on the motion commands
are decided as follows:
• if “straight,” then v = 0.4 and ω = 0,
• else if “right,” then v = 0.4 and ω = −0.8, and
• else if “left,” then v = 0.4 and ω = 0.8.
These control values of v [m/s] and ω [rad/s] are then sent
to the robot.

Fig. 9 shows the target environment. While the lay-
out is similar to the ones in Fig. 7(a) and Fig. 7(b), more
obstacles are located at different positions in this environ-
ment.

7[
m

]S
G

28[m]

Obstacles

Camera

(a)Occupancy grid map with newly-added obstacles

S

G

(b)Scene of actual environment taken from “camera” position in Fig. 9(a)

Fig. 9 Navigation environment 1

Fig. 9(a) shows an occupancy grid map of the environ-
ment. The obstacles drawn by five dashed circles were
not arranged when the robot built the map beforehand. In
this map, the robot moves from S toward G. Fig. 9(b)
shows the actual environment with the obstacles. In this
environment, the robot is required to avoid the obstacles
to reach the destination.

Fig. 10 shows another target environment. As well
as the environment shown in Fig. 7(c), the obstacles are
located against the wall. Compared to environment 1
shown in Fig. 9, the robot is allowed to reach the destina-
tion without avoiding the obstacles in this environment.

Fig. 10(a) shows an occupancy grid map of the envi-
ronment. The obstacles drawn by two dashed circles were
not arranged when the robot built the map beforehand. In
this map, the robot moves from S toward G. Fig. 10(b)
shows the actual environment with the obstacles.
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Fig. 10 Experimental environment 2

4.2. Navigation Results

As the navigation results of the robot based on the
CMP and DMP, we focus on a series of the localized po-
sitions, which is the trajectory. In Fig. 11, the trajectories
in environment 1 depending on the motion planners are
compared. The dashed and solid lines denote the results
of the CMP and DMP.
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Fig. 11 Comparison of navigation trajectories in environ-
ment 1

The robot based on both the CMP and DMP succeeded
in moving toward the destination, G, while avoiding the
obstacles. In this regard, the robot moved with about the
same velocity v = 0.4 and spent almost the same amount
of time for navigation. For obstacle avoidance, the angu-
lar velocity plays an important role more than the veloc-
ity. Therefore, we compare the control values based on
the CMP and DMP as shown in Fig. 12.

While the continuous value of angular velocity was de-
cided in the CMP (see Fig. 12(a)), the discrete value of
−0.8, 0, or 0.8, was decided in the DMP (see Fig. 12(b)).
These angular velocities were sent to the robot as the con-
trol values. This result indicates that, compared to the
DMP, the robot based on the CMP achieved more fluid
obstacle avoidance. On the other hand, it is notable that
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[rad/s]

Time [s]

(a)CMP

0.8
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[rad/s]

Time [s]

(b)DMP

Fig. 12 Angular velocity ω in environment 1

even the robot based on the DMP avoided the obstacles
and reached the destination with the discretized angular
velocity. Therefore, the sufficient obstacle avoidance ca-
pability of the two end-to-end motion planners regardless
of the regression and classification problems was shown
from the results.

In Fig. 13, the trajectories of the robot in environment
2 depending on the motion planners are compared. The
dashed and solid lines denote the results of the CMP and
DMP.
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Fig. 13 Comparison of navigation trajectories in environ-
ment 2

The robot based on both the CMP and DMP succeeded
in moving toward the destination, G. In this regard, how-
ever, the robot based on the CMP slightly weaved. On
the other hand, the robot based on the DMP moved in
a straight line. The robot behavior is due to the angu-
lar velocity. Therefore, we compare the control values as
shown in Fig. 14.
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Fig. 14 Angular velocity ω in environment 2

As can be seen in Fig. 14(a), although the obstacle
avoidance was not required for the robot in this environ-
ment, the angular velocity other than ω = 0 [rad/s] was
decided in the CMP. This result indicates that the robot
was affected by the obstacles within the sensing area even
though these were located against the wall. In contrast to
the result, the angular velocity of ω = 0 [rad/s] was con-
stantly decided in the DMP as shown in Fig. 14(b). In
other words, as the result of the discretized angular veloc-
ity, the robot based on the DMP moved with no influence
of the obstacles. Therefore, while the CMP resulted in the
fluid motion for obstacle avoidance, the higher straight-
line stability of the DMP was shown.



4.3. Straight-Line Stability

In order to improve the straight-line stability of the
CMP, the network training was further conducted. After-
ward, the CMP based on the enhanced DNN was applied
to the robot. The robot based on the CMP moved in envi-
ronment 2 as shown in Fig. 10, and successfully reached
the destination, G. Fig. 15 shows the angular velocities
based on three DNNs.
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Fig. 15 Angular velocity ω of CMP in environment 2

In Fig. 15(a), even though the DNN at the 50th epoch
was used in the CMP, the angular velocity other than
ω = 0 [rad/s] was decided and sent to the robot. The
average absolute value was 0.031 [rad/s]. In Fig. 15(b),
the average absolute value based on the DNN at the 100th
epoch was reduced to 0.027 [rad/s]. However, the angu-
lar velocity other than ω = 0 [rad/s] was still decided and
sent to the robot. As a result, the robot based on these
CMPs slightly weaved in some cases. In Fig. 15(c), fi-
nally, the average absolute value based on the DNN at the
200th epoch was reduced to 0.008 [rad/s]. Thus the robot
based on the CMP was enabled to move in a straight line
toward the destination.

From the results described above, it was shown that,
as the network training further proceeded, the straight-
line stability of the CMP approached the one of DMP. In
this regard, however, while the DMP was based on the
DNN at the 30th epoch, the CMP was based on the DNN
at the 200th epoch. This result indicates the effectiveness
of the discrete motion planner for autonomous navigation
of mobile robots at the lowest possible training cost.

5. CONCLUSIONS

In this paper, two end-to-end continuous and discrete
motion planners based on DNNs were presented for au-
tonomous navigation of mobile robots. In these motion
planners, continuous and discrete velocity and angular
velocity were decided and sent to the robot as the con-
trol values. Thus, the robot was allowed to successfully
move toward the destination while avoiding obstacles. In
the navigation experiments, the sufficient obstacle avoid-
ance capability of the two end-to-end motion planners
was shown regardless of the regression and classifica-
tion problems. Moreover, while the continuous motion

planner resulted in the fluid motion for obstacle avoid-
ance, the robot slightly weaved due to obstacles even
though these were located against the wall. On the other
hand, the robot based on the discrete motion planner com-
pletely moved in a straight line. Therefore, the higher
straight-line stability of the discrete motion planner was
shown. Although the straight-line stability of the con-
tinuous motion planner was improved with the further
enhanced DNNs through the network training, the effec-
tiveness of the discrete motion planner for autonomous
navigation of mobile robots at the lowest possible train-
ing cost was shown.
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