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Abstract — The following paper deals with a control
problem of a mobile robot in home network
environment. The home network causes the mobile
robot to communicate with sensors to get the sensor
measurements and to be adapted to the environment
changes. We adopt the reinforcement learning
scheme for the solution to the problem, and show

some simulation results.

I. INTRODUCTION

Recently, the technology for home network has made
remarkable progress around the industries. And, every
home is expected to be equipped with home network
capability in recent future as seen in the concept of
ubiquitous computing. Such rapid development of the
technology for home network will make home smarter
by equipping home with intelligent information devices,
which includes intelligent service robots. Because
service robots are aimed at helping humans in daily life,
it is inevitable for service robots to operate in home
network environment. Especially mobile robots will
play an important role among the service robots [1].

The home environment renders various unstructured
environment which may be changed by replacing sensor
devices, network media, or changing the location of the
sensors. The change in the environment deteriorates the
performance of control of the mobile robot. The mobile
robot in home network environment should cope with
the problem. Because it is hard to model the changes in
home network environment, we apply the reinforcement

learning to the problem. Furthermore. the improvement
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in control performance will reduce the energy
consumption of mobile robots, which is important for
mobile robots because they use the battery as power
source.

Reinforcement learning is how to learn the optimal
policy based on the reward from environment. It needs
no model for environment. Therefore, it is popularly
applied to mobile robot control in unstructured
environment [2]. In this paper, to get the improved
performance of control of a mobile robot in spite of the
change in home network environment, we use the fuzzy
inference system with reinforcement learning [3].
Various situations are supposed as the change in home
network environment, for example, sensor replacement,
media change, and, home server replacement, etc. The
change in home network environment is assumed as the
change in time delay of sensor values and in noise level.
To show the effectiveness of the proposed method, some
simulation results are given, which are performed in real

home network environment such as LAN, and wireless

LAN, etc.

II. PRELIMINARIES

A. Reinforcement Learning

Reinforcement learning is how to learn the optimal
policy based on the reward from environment [4].
Reinforcement learning is baéed on Markov decision
process where the information available to the agent in
the current situation is sufficient to determine the future
states of the environment independent of the past

information.
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Figure 1. General structure of reinforcement learning.
A state-value function V”(s) of the policy r specifies
what is good in the long run when the system starts at
the state s and adopts the policy z.

In case of an infinite-horizon model, the expected
discounted return is used for the state-value function as

follow:
V(s)=E(R1s, =5)=E (X015 =5)
k=0
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where s is an initial state, s, is a state at time ¢ after
starting from the initial state s, r, is a reward at time ¢
given that the agent follows the policy z, where PgJ. is
the probability of transition from state s to state s’
under action g, and 0<y <1 is the discount rate.

If the policy x is optimal, it satisfies the following
relation called Bellman optimality equation for v

Vi) = max Q'(s,a)

=max Y P2 (R + W' (s").
o (2)

Therefore, reinforcement learning is how to get the
optimal policy which gives the optimal value function.
Adaptive heuristic critic and Q-learning are two major
reinforcement learning methods [4].

In Q learning, we get the optimal policy using the Q
value, i.e., the action-state value function, and learning
rule as follows:

Q(s,,a,) «—Q(s,,a,)+odr,, +ymj\x (5,4, a)—-0(s,,a)]
3)

B. Mobile robots in home network environment

In general, a mobile robot has some sensors to detect its
location and posture, whereas sensors are equipped
within home network in home network environment.
Therefore, a mobile robot communicates with sensors
through home network. A mobile robot in home network
environment has three parts: main controller, actuators,
and communication units, while the conventional robot
has four parts: main controller, actuators, sensors, and

communication units [1].
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(a) General mobile robot architecture.
(b) Mobile robot architecture in home network.
Figure 2. Sensing architecture of mobile robots in the

home network environment [1].

Although the mobile robot in home network
environment has no sensors such as gyroscopes and
laser range finders which are expensive and give limited
information about environment, the robot can get the
global information through home network, which is
provided by some devices such as the home server. The
home server provides the global map by gathering
sensor information from various sensors pervaded in
home through home network, and the middleware can

give interoperability among heterogeneous devices.

III. FUZZY CONTROLLER WITH
REINFORCEMENT LEARNING
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For the fuzzy controller to be designed, the fuzzy
inference system is used in the paper, which has
multiple consequent singletons for the consequent fuzzy
set [3]. Among the multiple consequent singletons, one
singleton is selected as the consequent fuzzy set for the
fuzzy rule. The rule is in the form of the following:
Ri:If x, is L and..and xy is Ly,thenuis U’
Ule Ut utt...utfy @
At any instance, only one output consequent term

should be selected in the scheme.
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where U’ is the selected output consequent term of
P

the rule i among (U™, U"*---U"P}.
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Figure 3. Adaptive Fuzzy Inference System [3],
where N;: number of the input variables,

N: number of the rules, N,: number of the outputs.

To optimize the fuzzy inference system, fuzzy Q-
learning algorithm is adopted in this paper [3]. The
temporal difference for the adaptation of the fuzzy

inference system is calculated as follows:

~

B =1 470, (5,0 -0, (5,,U)) (6)

IV. SIMULATION
A. Mobile robot
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For simulation, the kinematics of a mobile robot is used
as (7). Input variables are the velocity values of both
wheels. We assume there is a kind of damping factor
when we drive the wheels, therefore, the first order

dynamic equation as (8) is used.
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where vg is the right wheel velocity value, v; is the left
wheel velocity value, 4 is the displacement between the
center of the robot and the wheel axis, and L is the
distance between two wheels. For simulation, 2=0 (m),
L=0.3 (m). The reward for reinforcement learning is
given as follows:
r=1.-e/0.7 )]

where e is the distance between the desired path and the

center of the mobile robot.

Desired Path

Figure 4. Kinematics of a mobile robot.
In simulation, we use two personal computers. One
personal computer emulates a mobile robot, and the
other emulates the sensors. Two computers
communicate through home network just like a mobile

robot and sensors in home network. Fuzzy controller



uses the data from remote computer which emulate
sensors in home network, whereas the data are
originated from the computer where the fuzzy controller

and mobile robot kinematics are emulated.
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Figure 5. Simulation Environment.

B. Simulation results

We assume the sensor noises have Gaussian random
distribution with zero mean and standard deviation (0.01,
0.02, 0.03) for the posture variable (x,y,0). Initial
posture of the mobile robot is set as (0,-0.4,0) and the
desired path is set to the x-axis. Therefore, the distance
between the desired path and the center of the mobile
robot, that is, ¢ is the same as |y| The trials are
performed for 10 times where each trial is composed of
ten learning periods. The average squared error sum

among trials is used as the performance index.

Table 1. Simulation results

Simulation type Performance Index
Random delay with no learning 75.36
Random delay with learning 50.83
LAN with no learning 58.167
LLAN with learning 55.4
WLAN with no learning 69.1
WLAN with learning 64.3

Table | shows the simulation results. The first row 1s the

simulation with random delay 0.2~0.7 (sec.) and no
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learning performed. The second row is the simulation
with reinforcement learning. The performance is
improved by 33% reduction of the average squared error
sum. In real LAN environment, the value in the third
column is derived without learning. With reinforcement
learning, the performance is improved as the value in
the fourth column. In WLLAN environment, the values in

the fifth and sixth columns show the improvement in the

performance.

V. CONCLUSION
In this paper, the reinforcement learning scheme is
proposed as a solution to the control problem of a
mobile robot in home network environment. Some
simulation results are given to show the effectiveness of
the proposed scheme. The experiment with a real mobile
robot and convergence issue of the reinforcement

learning remain for the future research.
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