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Abstract

This article examines navigation of a flying robot inside a building environment in
three dimensional spaces in which the size and location of some obstacles are not
determined and other obstacles and target can be moving. This article suggests a new
method by combining Q-learning algorithm and Monte Carlo algorithm on optimal
navigation by the flying robot. The rewards are intended to be maximized when the robot
flies in the right route; moreover, the maximum performance power would be measured
according to the future predictions and the well-doing of that action would be also
measured. Here, this method has been implemented with Webots simulator, and simulated
data are analyzed by MATLAB. The simulation results show that control of the policy
obtained from Q-learning and Monte Carlo methods is more efficient compared to
traditional methods in controlling flying robot navigation.

Keywords: Q-learning, navigation, dynamic environment, Monte Carlo, obstacles,
flying robot

1. Introduction

Robot navigation is an essential issue in the discussion on robot guidance. Therefore,
there has been significant attention to this issue in the recent years. Robot navigation is
that the robot passes a route with no collision with the obstacle and reaches the target in
the shortest route and shortest time. Several methods have tried to solve this problem
including Artificial potential field method, genetics algorithm, Particle Swarm
Optimization, visibility graph method, fuzzy logic and Neural network. Route planning
for robots is categorized based on different situations. Route planning for robots is
divided into two groups in terms of environment: Route planning for robots in static
environment, where the obstacles in the map are static, and route planning for robots in
dynamic environment which includes both static and dynamic (moving) obstacles. This
article performs the robot navigation inside a building in dynamic environment and
obstacles.

2. Literature Review

Mobile robot navigation was suggested first in 1991 by Latombe as route planning by
optimal searching for a free route from the start point to the end point which has the
desired consent as the shortest route and minimum of time and energy [21].

Optimal or approximately optimal ways was proposed by Griffin and Alexopoulos in
1992 using visibility graph method [2]. The deficiency of this method lies in its low
algorithm efficiency. By creating a complete visibility graph, it can be concluded that this
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visibility graph needs time period equal to (N3) O, which is too long. Furthermore, the
route obtained from graph method is often very close to obstacles and may lead to the
robot destruction. By increasing obstacles, the probability of collision increases. Artificial
potential field method for route planning algorithms was introduced in 1992 by Barragard,
et al., [5]. Based on receiving sensor information from environment. Although it is easy to
implement, and it acts powerful in producing movements, the main problem is that the
robot may be trapped in a local trap before reaching the target. The techniques to escape
local traps should be examined. Recently, artificial intelligence methods in environment
are used for sensor-based route planning. Applying fuzzy logic on route planning methods
can perform the movement rules in order to prevent the obstacles without using a precise
model of environment, which is studied in 2005 by Yang et al. and in 2009 by Hachour
[32, 15]. However, it is difficult to develop fuzzy rules for complex environments and
their generalization power is limited.

The neural network for methods based on route planning to control robot movements
in order to select the best route and prevent collision with obstacles, was introduced by
ALTaharva, et al., in 2008, Youn, et al., in 2010 and Tsai, et al., in 2011. Learning how to
work with neural network is too time intensive [3, 34, 28].

Also, Catillo, et al., introduced a multi-purpose genetic algorithm as offline and point
to point for mobile independent robot in 2007 [8]. Particle Swarm Optimization was
introduce in 2009 by Garcia, et al., and Ant Colony Optimization was used by Hwang et
al. in 2011 for route planning. The performance of these methods is highly dependent on
parameters [11, 17]. This limitation leads to unfavorable performance.

Reinforcement learning learns through interaction with environment, and is suitable for
mobile dependant robots. Q learning algorithm can be used by policy control. It works by
the maximum reward receiving from environment using the test and error process and
follows the route, which is introduced by Dayan and Watkins in 1992 [30]. Q learning
algorithm is used widely for its simplicity. However, the integration trend for traditional
Q learning algorithm is old fashion. Developed Q learning algorithm deals with the
responsibility of delayed reward, developed Q learning algorithm learning is the multi-
stage incremental of Q learning algorithm.

For local optimization, greedy action selection strategy can be used only based on the
current value. Greedy action selection strategy (e <0.1) was introduced by Sutton in 1998
[27]. The higher the ¢, the probability to select a non-optimal action in current situation is
increased. There should be a balance between discovery and exploitation. Annealing
simulation to make balance between discovery and exploitation was introduced in 2004
by Guo, et al., [14]. in 2007, in order to guide the discovery and accelerate the reinforced
learning, Framling introduced a method. Q learning by changed the initial value which
was introduced in 1996 by Simmons and Koening accelerated Q method, but for complex
environments where the number of modes is too high, the time and space of this storage is
difficult [19]. Lampton and Valasek in 2009 could decrease some of the modes through
comparison method. Senda, et al., [20, 25]. Limited some of the modes by new definition
of the mode space. Although the above methods accelerated the learning, still many ways
to increase integration speed remains.

Flying robots inside the building do maneuvers for many applications in real world for
their high power in GIS. Small flying robots can be used in order to seek injured people
inside a building. They are also used in stores and factories in order to monitor the
chemical and radioactive substances which are dangerous for human to contact. Swarms
used the flying robot inside building for efficient performance, which is a powerful
method for the redundancy of the flying robots. In Swarms method, the robots do their
work in parallel with each other. The space for coordination among robots and works is
very important in order to let robots do team works and pass their desired routes to do
their works. These parallel algorithms are recently developed, and assume that the relative
or absolute information of robot locations is available for all robots. Such an algorithm
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prevents robots to collide each other which were introduced by Hoffmann and Tomlin in
2008 [16]. The method to use GPS which was introduced in 2008 by Rudol and is used
for inside of buildings is weak, and the location and position they give may be unreliable
[24].

In order to solve problems, the GIS should be done for routes and obstacles. Robot
flight inside buildings such as official buildings is too challenging, for the presence of
obstacles including walls, furniture, people, etc., in the environment. So measuring the
proximity to these obstacles is necessary.

The narrow corridors and doors inside buildings make some limitations. Sounararaj, et
al., in 2009 and Grzonka, et al., in 2009 examined this limitation. Also Valenity, et al.,
examined the endurance in short flights in 2007 [26, 12, 29]. Based on problems a flying
robot has, Lupashin, et al., in 2010 and Kirchner and Furukawa in 2005 introduced
sensors for route navigation to reach the target and spatial coordination in flight guidance.
They obtained good results, but the results are not suitable for applications in unknown
real environments [22, 18].

Some other researchers used laser scanner. In 2009, Achtelik, et al., and in 2008,
Guenard, et al., extracted movement data using specific navigation algorithms [1, 13].
And Bachrach in Y- +3and Blosch in 2010 introduced Simultaneous imaging and mapping
of location [4, 6]. This method is time intensive, since it should fine the location and
information of each robot for every moment and has heavy and complicated calculations,
SO it requires a very fast processor. Moreover, like all other methods mentioned, this
method is for two-dimensional environments and is not suitable for indoor environments.

3. Kinematics and Robot Model

In order to evaluate Q-learning and Monte Carlo algorithms, a small sized Blimp was
selected for implementation of self-control navigation system. This balloon has 1.4 meters
length and 0.75 meters diameter. The gondola of the Blimp is put under the main body of
its coverage. In both sides of gondola, two drive propellers are installed as the main
driving force. These two drive propellers are run with 2 Dc motors which are appropriate
for inside test flights. The server associated with main DC propeller can produce the
driving force around the horizontal axis. The main structure of this Blimp is depicted in
Figure 1.

balloon

Propeller Tail

L~
Propeller left Propeller Right

gondola server motors

Figure 1. Small Blimp and c and Server Motors Installed on the Gondola
of Blimp [33]

All information about the Blimp includes the position of air balloon, its direction, etc.
It is given in the environment coordination reference system, while the information on the
mode of Blimp including dimensional speed and angular acceleration is measured through
processor coordination reference system, which is called body coordinates. In every step
of navigation, the direction of Blimp must be toward the target.
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Figure 2 shows that 0 is the angle between the current position of Blimp and the
direction of x axis in the context of environment, and o is the angle between target
position and the direction of x axis is the coordinator.
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Figure 2. The Coordinates for Body of Blimp [33]

As the angular difference between the current position of Blimp and target position
B=a-0 is shown, it is the angle which is required by the Blimp in the context of
environment to be reduced. This can be transformed from B by the transformation
function coordinating between the environment and body.

4. Hybrid Algorithm of Q-learning and Monte Carlo

4.1. Q-learning [31]

A method for reinforced learning is Q learning method. In this method, the possible
modes are determined in a distinct time and the possible actions for the robot are
determined. Then, we consider a reward or punishment for every action of the robot, and
based on formula 1, every pair (mode, action) will have a Q value. In the learning stage,
robot fills the table of Qs, and uses this table in practice stage, so that in passing from
every mode to the other, selects the action which has the highest value of Q.

Q(state, action) = R(state, action) + Y max[Q(next state, all action)] Q)

In this formula, R is the award for every mode for a given action in the current time. Y
is discount factor equal to 0.7, and is multiplied by the maximum Q the robot can obtain.
The description of algorithm is as follows:

1. For every a, g consider the values of input table as.
2. Observe the current position of s.
3. Do it until infinity.
a.Select an action and do it.
b.Receive the r reward.
c. Observe the new position of s.
4. Update the input table for (s,a).

4.2. Mont Carlo Method [9]

The learning is about the running policy. It is tried to evaluate the applied policy for
decision making and improve it. This algorithm works based on experiment in the
environment, and performs according to taking the average from estimated recursive form
State Action Value. According to the relatively large environment, a large number of
episodes are required to find the optimal route. For the better integration of algorithm, the
start modes are selected randomly, and these start modes have been effective in
calculating Action Values.
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Initialize, for all s € S, a € A(s):
Q(s,a) « arbitrary
Returns(s,a) « empty list
7 « an arbitrary £-soft policy

Repeat forever:

(a) Generate an episode using =

(b) For each pair s,a appearing in the episode:
R « return following the first occurrence of s,a
Append R to Returns(s,a)
QQ(s,a) «— average(Returns(s,a))

(c) For each s in the episode:
a" «— argmax, Q(s,a)
For all a € A(s):

O l1-e+¢e/|A(s)| ifa=a*
Ll e/|A(s) if a # a*

Figure 3. Algorithm Monte Carlo [9]

5. Hybrid Algorithm

In this method, which is in fact the combination of two previous methods, the speed
and accuracy of the agent (flying robot) is increased. In this method, first, the feedbacks
of mode and action and table of Q values are empty, and system works as greedy. First, a
mode is selected in random, and select an action can be done in that mode. Then the
related reward would be received and it is going to the next mode. In this moment the Q
value table should be filled. In fact, the formula 2, which is a combination of Q learning
and Mont Carlo is calculated. In the next stage, according to the more selected values and
in the forward step, the action selection policy is updated. It should be considered that
updating this policy is because an action with higher value cannot always lead to the
optimal route in the next steps.

This method, which is in fact the combination of Q learning and Mont Carlo, has the
capabilities of both of them. It evaluates the applied policy in every step and improves it,
and Q table values are filled according to the desired algorithm for every step. This
method examines the most difficult type of navigation which is the navigation in
unknown dynamic indoor environment, and the performance is compared to other
methods. The combined algorithm of Q learning and Mont Carlo is as the following:

Consider the (mode, action) feedbacks as an empty list.
Consider  as an arbitrary? For the procedure.
For every a, g consider the values of input table as 0.
Observe the current position of s.
Do it until infinity.
i. Select an action and do it.

ii. Receive the r reward.

iii. Observe the new position of s
6. Update the input table for (s,a)

Q(state, action) = Avrage(Return(R(state, action)) +Y
Max[Q(next state, all action)]) 2

akrwnE

7. For every a € A(s), put the value of argmaxa Q (s,a) in a*.
_(1—e+¢e/|A(s)] , a=a"
n(sa) = {s/lA(s)l , aza'
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The variable under examination in this method is in fact the value of Q, the value of
every action for every mode, and under the function of algorithm, the maximum Q in
every step is evaluated as the following:

a*< argmaxa Q (s,a) 4

6. Results of Combined Learning Simulation in Webots

6.1. Implementation of Webots Simulation

Webots provides two windows to show the simulation results. The first one is artificial
world window, through which the movements of automatic Blimp flight can be seen
easily. This can help researchers for judgment about automatic Blimp in the artificial
world, as shown in Figure 4.

Figure 4. Environment Simulator Webots

The second output window provides specific information on the Blimp flight during
the simulation. The information displayed by Webots is updated in every stage of
simulation and is saved as a text file in Webots. The information display window is
shown in Figure 5.

Flying Farameters

Q Value Table

Figure 5. Information Display Window
Information display window provides the modes of test flight of Blimp during

simulation, including three dimensional positions of Blimp body, the angles of rotation,
direction, comparison of Blimp propeller power, etc. As shown in figure ¢, the flight
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information parameters section is referred to the global coordinates in the artificial
environment. The simulation environment provides different artificial sensors on the
balloon’s body to gather information on flight. Using this capability, the movements of
automatic Blimp can be simulated in artificial environments. The model of used Blimp for
simulation is provided by Webots simulator package, including a driving force system
with three separate propellers of artificial plain, which are designed for moving the Blimp
in three directions of x, y, z. The structure of driving force is almost the same for all
designed air balloons for competition in UAV remote areas in 2007. Figure 6 shows the
definition of global coordinates in artificial world, in which axes x, y, z are the total
gathered information by navigation system in this coordinate system.

Figure 6. Coordinates of Blimp Body in Artificial Environment

6.2+ Analysis of Hybrid Learning Simulation Results in MATLAB

In this section, the statistical information obtained from the Webots simulator is
analyzed in order to investigate the performance of hybrid learning in navigation controls.
All flight information including the angular difference, Blimp orientation, the sequence of
actions, the sequence of modes and the values of modes (Exploration) were entered into
the MATLAB from the Webots data files. Table 1 explains the details of selected
variables evaluation. In this table, the variables used in the simulation are presented with
their definitions.

Table 1. Evaluated Variables in Matlab

Variables in evaluation Definitions for analysis
angular difference angular difference between the target
Orientation Blimp orientation in flight (With reference to the world frame)
Q-value Q-value represents the mode pairsaction after a certain iteration
sequence of actions Operation changes after a considerable amount of repetitions
sequence of modes Mode changes after a considerable amount of repetitions

In this section, a particular simulation of Blimp flight tests is introduced in order to
show the preliminary results made by MATLAB. In this simulation, the Blimp flights
were simulated by 2400 repetitions of Q-learning process through which the Blimp
control learned how to turn toward the target position. A large number of Q-value was
updated during the process of learning. Figure v shows that the whole mode space was
visited by the Q-learning algorithm.
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Blimp movement pathways can be visualized in MATLAB by entering the Webots
simulation results. Figure 8 shows the movement pathway of the Blimp in a navigation
test. Circulating actions can be easily seen in this Figure.

o

o Sequence of actions

Figure 8. 3D Movement Pathway of Blimp by the Hybrid Algorithm in
MATLAB

7. Conclusion

In this paper, the most difficult type of navigation namely the navigation in dynamic
environments with moving obstacles were studied and the problems of navigation and
obstacle avoidance were solved using the Q-learning and Monte Carlo algorithms. One of
the advantages of this method is the high success in majority of cases. In this method, the
environment is allowed to changes and navigation is still remained.
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