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Abstract—This paper presents an intelligent navigation
system to generate safe motion for a mobile robot. It consists of
two main modules of recognizing obstacle and making decision
with artificial intelligence, respectively. Firstly, a recognition
algorithm using laser range finder (LRF) and robot odometry is
developed to detect objects near the robot. The proposed
recognition algorithm provides both position and velocity
information of obstacles by using range data accumulated for a
certain time period. Then, the result is used for computing a

safe moving direction of the robot to avoid collision with objects.

For that, an artificial intelligence algorithm of multi-layered
neural network was designed and trained by deep learning
method with many data sets of information including pairs of
sensor data and its solution of motion command for various
situations.

Index Terms— Artificial Intelligence, Deep learning, Mobile
robot, Collision avoidance

I. INTRODUCTION

According to advancement of sensor technology, many
researches related to algorithms for utilizing sensor data
for autonomous navigation of mobile robot have been carried
out during last several decades. The technologies have been
developed actively and applied to essential algorithms such
as map building, positioning, path planning, safe motion
generation, and so on [1-3]. Meanwhile, artificial intelligence
has been showing remarkable advances in image recognition
area, especially technologies for autonomous driving of
vehicle [4-6].

Mobile robots for service tasks in human daily
environments are required to have a capability to recognize
the situation near itself and avoid collision to objects. It is
necessary to calculate reciprocal positions and velocities
between obstacles and to decide a next action in order to
avoid them [7-9]. Typical collision avoidance technologies
basically assume that most situations near the robot including
moving obstacles could be recognized sufficiently. Thus,
multiple target tracking technique, for detecting and tracking
each object individually, is employed in spite of its complex
algorithm and heavy computation burden. Besides, decision
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making algorithm for computing motion command also
requires computation power in general.

Therefore, an intelligent navigation method that does not
relying on multiple target tracking algorithm but exploiting
artificial intelligence for processing sensor data is
investigated in this research. This paper proposes two
algorithms. The first one is a method to estimate position and
velocity of multiple objects with one LRF and robot
odometry not by individual tracking but by manipulating a set
of range scan data accumulated for a certain time period. The
second one is an artificial intelligence to compute safe motion
direction to avoid moving objects. Though human being has
no capability to measure accurate position and velocity of
objects near him, he can generate optimal decision for safe
motion to a goal position with ‘feel’ like overall sense about
his surroundings. An algorithm to realize motion planning of
such human sense by optimizing parameters with many sets
of sensor and human solution data for searching safe motion
direction was proposed in this paper.

This paper is organized as follows. The proposed method
to estimate objects’ position and velocity by using LRF data
sets and its experimental result are addressed in section 2.
The design of artificial intelligence to search safe motion
direction and its optimization process are explained in section
3. In section 4, experimental results of collision avoidance
navigation with a mobile robot installed with the improved
algorithm are explained. Finally, conclusions and further
researches are addressed in section 5.

Il. ESTIMATION OF POSITION AND VELOCITY OF MOVING
OBJECTS USING LRF DATA SETS

A. Process of Estimating Position and Velocity with LRF
Point Cloud

Typical method for estimating velocities of multiple
objects is to track each object individually that requires
complex algorithm and computation power. However, the
proposed method computes position and velocity information
of all detected objects not by individual tracking but by
manipulating scan data sets synthetically. Data sets obtained
by accumulating multiple scan data for a certain time period
are represented as point clouds in a three dimensional space
where its time information is used as vertical coordinate.
Where moving objects are represented as clusters of multiple
points, called as point cloud. Geometry of a point cloud of an
object is dependent to its shape as well as moving velocity.
Particularly, its inclination is changed according to object’s
velocity. Therefore, velocity of an object can be estimated
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from the slope of object’s point cloud. It is the main idea of
this research to estimate objects’ velocity.

Specific processes of the proposed method are as follows.
LRF data sets taken in a certain period are classified
according to the distances between points as clusters of point
cloud for each object. And the center coordinates of gravity
of the lower half and the upper half parts are calculated. As a
result, average velocity of each object is expressed by the
inclination of the line connecting centers of both parts of each
object’s point cluster. Where LRF data taken from ten times
of successive scanning is defined as one set for each
computation in this research. And, x and y coordinates of
each point are computed in meter unit. The sampling time
(At) of scanning, 25 milliseconds in this research, is
transformed as 0.025 meters as z coordinate in the three
dimensional space. Point Cloud Library (PCL) was used for
computation of clustering and finding center of each cluster
[10-12].
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Fig. 2 Experimental results of estimating positions and velocities of
three moving human objects
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Fig. 3 An example of estimated velocity of an object transformed on
two dimensional space from point cloud data
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B. Experimental Works of Estimating Positions and
Velocities of Moving Objects

The mobile robot used in this research is shown in Fig. 1.
A LRF (UTM-X001s, HOKUYO Automatic Co., LTD.) was
employed as a main sensor to detect objects near the robot. It
was attached at the height of about 1 meter on the robot to
detect human body near waist. A wide view camera was also
attached under the LRF of the robot to capture experimental
situations. While the mobile robot is moving in indoor
environment according to manual motion command,
estimation of positions and velocities of objects around the
robot was conducted with the proposed algorithm.

An experimental result of estimating objects’ position and
velocity with multiple scan data taken from the moving
mobile robot is shown in Fig. 2. It displays the situation of
experiment where three human objects are walking near the
robot. Where LRF data cluster of objects are represented with
points, and their lines connecting both centers of lower and
upper parts of clusters are also depicted as solid lines. The
arrow lines representing moving velocity of detected objects
are drawn by projecting the solid lines onto the ground. So
the length of arrow line is dependent to the velocity of the
object, i.e., long arrow line denotes fast motion. It has been
observed that the position and velocity of multiple objects
can be estimated with the proposed algorithm. Finally, an
example of estimated velocity transformed to two dimensional
data is shown as an enlarged picture in Fig. 3.

I1l. ARTIFICIAL INTELLIGENCE ALGORITHM TO SEARCH
SAFE MOVING DIRECTION OF MOBILE ROBOT

A. Design of Artificial Intelligence Algorithm with Neural
Network

An algorithm for searching safe moving direction was
deep learned using many data sets of LRF data and solution.
Training data sets including position as well as velocity of
objects were prepared by computational simulation using
RVO2 (Reciprocal Velocity Obstacle 2) library [13]. It is an
open source which can compute a simulation of collision
avoidance between multiple moving objects. After learning
with data sets, the artificial intelligence algorithm could have
the capability of computing a solution that is used as motion
command to make mobile robot to head for a goal point
safely.

For learning process of artificial intelligence algorithm, a
computer equipped with CPU of Intel Core i7-7700 3.60 GHz
and GPU of NVIDIA GeForce GTX 1080 was used in this
research. The program of artificial intelligence algorithm was

Input Data Sets

Training Data Sets 20000
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|
: Obstacles’ speed for each scan direction !
' (91 data) ||
| Obstacles’ moving direction for each scan direction \
I (91 data)
. !
| Goal direction ‘
: 1 data);:
Lo o :;:T;'.(: ;'.i;:). J
‘ Solution for safe motion
. ( 1data)

Fig. 4 Structure of training data sets used in deep learning considered
velocity of object
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developed with library of TensorFlow in
programming environment [14].

The proposed algorithm was designed with a neural
network to compute safe motion based on both position and
velocity of objects near the robot. The structure of training
data sets used in deep learning is shown in Fig. 4. Distance
between the mobile robot and obstacles, and velocity of
obstacles are given as values for each scan direction. The
front area of 180 degrees of the robot is set to sensing area
whose radius is set to 3 meters. Where, scan direction means
one of 90 directions which divide the sensing area of 180
degrees. In addition, all measured data are transformed on the
robot’s moving coordinate system.

Fig. 5 shows the schematic of neural network having three
layers designed for computing safe moving direction. The
input data set of 274 data combined with 91 distance
parameters between the mobile robot and objects, 91 speed
and 91 direction parameters of objects’ velocities, and 1 goal
direction parameters, respectively. The first layers have 2048
nodes with hyperbolic tangent type activation, and the second
and third layer have 2048 nodes where their outputs are
transferred to the next layer through sigmoid type activation
function. Finally, the output layer consists of 20 nodes where
soft-max function was employed for each node. Resultantly,
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Fig. 5 Schematic of neural network designed for computing safe
moving direction based on objects’ velocity and position
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Fig. 6 Change of accuracy according to the number of training steps
(The accuracy was calculated for every training step by comparison
between the computed output with optimized parameters and the
solution of training data)

ISBN: 978-988-14047-8-7
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

Proceedings of the International MultiConference of Engineers and Computer Scientists 2018 Vol I
IMECS 2018, March 14-16, 2018, Hong Kong

the output of the artificial intelligence algorithm is given as
one of 19 directions dividing the sensing area of 180 degrees.
In other words, the angular resolution of algorithm’s output is
set to 10 degrees. In the case of no safe direction, the output
becomes 20 and the robot should stop.

B. Optimization of Artificial Intelligence with Training Data
The artificial intelligence algorithm of neural network
was learned by AdamOptimizer in TensorFlow with an index
of minimizing error of cross-entropy loss function. The
parameters of neural network were optimized with
automatically adjusted learning rate by using 100 sets of
batch data randomly chosen from learning data sets, where
20,000 sets of data was prepared for learning process.

@ : Robot’s Goal O : Obstacle

@_ Robot’s Start : Path of obstacle
# Robot's Star : Path of mobile robot

i Obstacles’ Start -+-+» : Moving direction

— : Goal direction
O
""o

(@)  When mobile robot avoids a moving objects

(b)  When mobile robot avoids two moving objects

(c)  When mabile robot avoids static objects

(d) Resultant paths of mobile robot and moving objects using NN
with both position and velocity information of objects

(e) Resultant paths of mobile robot and moving objects using NN
with only position information of objects for the same scenario
with above simulation

Fig. 7 Computational results of the proposed algorithm computing safe
motion command based on both position and velocity of objects
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The change of optimization accuracy according to
iterations of deep learning process is shown in Fig. 6. The
accuracy is obtained by comparing the solution of data sets to
the computed output of the algorithm with the optimized
parameters at each training step. It was observed that the
resultant accuracy of the proposed algorithm is about 65%.

C. Computation Results of the Proposed Algorithm

In order to confirm the proposed algorithm, computer
simulation using RVO2 software was conducted. A
simulation result with the algorithm considering velocity
information is indicated in Fig. 7 (a) to (c). Where, the robot
starts from a point, then moves to the right direction slightly
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(@) Resultant motion of the robot avoiding a moving human object
and a static human object
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(b) Enlarged graph of the computation result of the proposed
algorithm for detecting objects and collision avoidance when the
robot was moving near the position 1 in Fig. 8 (a)
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(c) Enlarged graph of the computation result of the proposed
algorithm for detecting objects and collision avoidance when the
robot was moving near the position 2 in Fig. 8 (a)

Fig. 8 Results of experiments to avoid static and moving human objects
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to avoids a moving object in left front area as shown in Fig. 7
(@), and moves to the left direction to avoid moving two
objects in right front and a static object in front as shown in
Fig. 7 (b), then moves to the right to avoid a static object as
shown in Fig. 7 (c). It is shown that the mobile robot installed
with the proposed algorithm optimized by the training data
sets has capability to avoid both static and moving objects.
Meanwhile, Fig. 7 (d) shows another result with the proposed
algorithm not considering velocity information. By
comparing Fig. 7 (d) with Fig. 7 (e), it is denoted that the
mobile robot using both position and velocity information of
objects moves more smoothly than that using only position
information. It is supposed that the computed artificial
intelligence has function to predict next actions of objects by
using their velocity information and also provide the safe
moving direction to the mobile robot with predicted
information. In addition, though the accuracy of learning is
not so high as shown in Fig. 6, most incorrect computation
outputs of the algorithm were also given as similar one to the
correct solution. In other words, incorrect outputs are also
near to the correct solution and its error is not so large.

D. Experimental Result of Collision Avoidance with the
Proposed Algorithm Used in Computational Simulation

An experimental work was carried out with a mobile
robot in indoor environment. The experiment is that the
mobile robot goes to a goal with avoiding collision to a
walking human object and a standing human object. The
result is shown in Fig. 8. It was observed that the proposed
algorithm generates a safe direction. However, it was difficult
to avoid a moving human object because of the slow response
of the mobile robot and difference of conditions between
simulation and experimental environments.

IV. IMPROVEMENT OF COLLISION AVOIDANCE ALGORITHM
WITH DATA SET OF HUMAN DECISION

A. Training Data Set for Experimental Works

The data sets were manually prepared for various
situations. They include many cases where objects exist near
the robot, and the correct solution of safe moving direction
for the mobile robot was made based on human intelligence,
namely designer’s decision. Especially, the predicted
positions of moving objects were considered for making
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Fig. 9 An example of solution for the proposed algorithm in a situation
when the robot avoids a moving human object
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algorithm for detecting objects and collision avoidance when
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solutions for the training data sets. A representative example
of solution in a situation including a moving object is
displayed in Fig. 9. It shows a case when there is a moving
object in front of the robot and the direction to goal is the
direction of number ‘10’ depicted with a red arrow line. If the
robot just keeps moving forward, it will collide to the object.
However, the next position of the moving object in next scan
time can be predicted with its velocity information. So the
correct solution given in training data set should be the
direction of number ’8’ depicted with a dotted blue line in the
figure. Where, the same NN of section I11. A was used in the
improved algorithm.

B. Collision Avoidance Experiment

In order to confirm the performance of the proposed
algorithm, two experimental works were carried out with a
mobile robot in indoor environment. The first experiment is
that the mobile robot goes to a goal with avoiding collision to
a standing human object. The second experiment is to avoid
two walking human objects. Where, the computer used for
the experiment of estimating positions and velocities of
obstacles was utilized in the experimental works of collision
avoidance. The resultant motions of the robot generated with
the algorithm during the experiments are shown in Fig. 10. It
was confirmed that the robot with the proposed algorithm can
move to the goal position safely in the situations including
static and moving human obstacles. Examples of the
computation result by the proposed algorithm for a certain
instance taken from the experiments are shown in Fig. 10 (b)
and Fig. 10 (d). It is observed that the algorithm estimates
both position and velocity of objects near the robot and
generates a safe direction.

V. CONCLUSIONS

A synthetic algorithm to estimate position and velocity
information of multiple moving objects by using multiple
sets of LRF data cumulated for a short period was proposed
in this research. In addition, artificial intelligence algorithm
of neural network utilizing both position and velocity
information of objects and being trained by deep learning
method with big sensor data was also investigated for
searching safe direction of a mobile robot. From the results of
computer simulations and experiments, it was confirmed that
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the mobile robot with the proposed algorithm is capable of
avoiding collision with both static objects and moving
objects effectively.

As further study, research work is expected for an
algorithm to search safe direction for a mobile robot moving
in a narrow space like a passage.
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