
 

  

Abstract—Autonomous robot navigation is an 
important research field because these robots can 
solve problems where the human presence is 
impossible, dangerous, expensive, or 
uncomfortable. In this paper, a new hybrid 
autonomous navigation method is introduced. The 
algorithm is composed of visibility graph based 
global navigation and simple potential field based 
local navigation parts. It applies a new automated 
graph generation method which may become 
necessary if, because of the observed new 
obstacles, a new path should be generated. The 
quasi optimal route is found by applying the well 
known A* algorithm on the graph. The presented 
technique offers a quasi optimal universal 
navigation technique which can successfully be 
used in all, known, unknown, and dynamically 
changing environment. 

 
Index Terms— mobile robots, indoor robots, 

autonomous navigation, local navigation, global 
navigation, hybrid navigation, vision-based 
obstacle detection, road map algorithms, potential 
field based guiding, A* algorithm, obstacle memory  
 

1. INTRODUCTION 
OWADAYS the topic of autonomous 
navigation has become popular among 
researchers all over the world (see e.g. [1]). 

This is because autonomous navigation can 
provide a solution to several problems which 
cannot be solved without an autonomous robot. 
There are situations where human interference is 
not an option and there is no other solution but 
applying autonomous robots to tackle these 
problems. Autonomous robots can 
advantageously be used in such cases as well 
where the human presence is unhealthy, 
monotonous, or very expensive. To mention 
some examples, there are situations that deal 
with problem solving which comprise even the 
carrying of the radioactive by-products of nuclear 
power plants or lifesaving in case of disasters by 
taking medicines to the injured if they cannot be 
approached only by means of little autonomous 
machines. On the other hand, examples can be 
enumerated, which concentrate on information 
gathering in order to support certain scientific 
activities (see e.g. [2]). However, the 
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aforementioned are extreme cases, but problems 
can be found in all walks of life. Autonomous 
robots could substitute people where the task is 
too monotonic, such as the collection of litter in a 
building or looking out for them at night. 

 
The navigation system of an autonomous robot 

is one of its components which is responsible for 
the decision where to move in the next moment. 
The word ’autonomous’ stands for a concept, 
which considers that the robot does not 
communicate with the outside world under 
normal circumstances. This system requires 
pieces of information in order to reach its goal 
apart from what its current position is. The 
navigation system can have a priori, pre-supplied 
data about its environment, and on the other 
hand sensory data is the one which carries 
information on the momentary state of the 
immediate surrounding of the robot. To perform 
the navigation task suitably, the navigation 
system must be capable to use as much 
information about the environment as possible. 

 
As far as the types of obstacles are concerned, 

there can be static and dynamic ones. The 
former refers to objects the positions of which are 
pre-supplied into the robot and the latter to those 
ones which are detected by means of sensors. 

 
The alignment of navigation systems fall into 

three categories: global, local, and hybrid. In 
case of global navigation (see e.g. [3], [4]), only 
pre-supplied data are accessible while in case of 
local navigation (see e.g. [5], [6], [7]), only the 
sensory measurements are taken into account.  

 
Hybrid method merges the advantages of both 

aforementioned systems. This concept which 
aims to combine the intelligence of global 
navigation algorithms with the reactive dynamic 
behavior of local ones was introduced by the 
author of this paper in 2003 (see [8] and also [9]). 
This is reached by introducing a hybrid navigation 
system consisting of two modules, one of which 
uses the a priori information and determines the 
main steps of the optimal route towards the goal, 
whereas the other carries out the navigation itself 
using a local approach (see Fig. 1). 

 
In this paper, a new hybrid navigation algorithm 

is presented which can be used both indoors and 
outdoors. The main advantages of the method 
compared to previous techniques are: (1) It 
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ensures quasi optimality in the performance; (2) 
handles the local minima problem systematically; 
and (3) applies a new complexity optimized 
automated graph generation for the path finding 
in maps.  
 

The paper is organized as follows: Section II 
briefly summarizes the main ideas of the most 
characteristic global, local, and hybrid navigation 
approaches. The new hybrid navigation system 
and path generation method are introduced in 
Section III. Section IV shows simple examples to 
illustrate the effectiveness of the method and, 
finally, Section V gives the conclusions.  

2. LOCAL, GLOBAL, AND HYBRID NAVIGATION 
Navigation algorithms can be categorized 

based on the type of information available for the 
robot during the navigation.  

 
Global algorithms use a priori information 

available about the whole area of the robot’s 
operation and usually apply some kind of 
trajectory planning method that is based on 
previously existing optimization algorithms, thus 
are able to find an optimal trajectory according to 
various optimality criteria. The information is 
typically given in the form of a map containing 
static obstacles.  

 
Local algorithms use only sensory information 

about the robot’s immediate surrounding. This 
can be given in many forms, e.g. values 
representing readings from distance sensors or 
3D models built of camera-images. Local 
methods respond well to dynamic challenges, 
thus they may be used in unknown environment 
however the optimality of the trajectory can not 
be guaranteed. 

 
Hybrid techniques apply both global and local 

elements. 

2.1 Global navigation 
As these algorithms use information about the 

whole area, they usually have to handle a large 
amount of data and are complex. This asks for 
doing as many calculations offline as possible. 
This suits the supplied information, since the 
robot’s sensors can only provide up-to-date 
information about the robot’s immediate 
surrounding. 

 
Roadmap algorithms: Global navigation 

algorithms can easily be realized by first 
constructing a graph from the supplied map and 
then searching for the shortest path on this graph 
[10], [4]. The problem 

 
PppM endstart },,{       (1) 

 
of global navigation can be divided into two 
subproblems 
 

GM              (2) 
 

and 
 

PppG endstart },,{        (3) 
 

where M, G, and P are the sets of maps, graphs, 
and paths, respectively, while pstart and pend are 
the start and end points. The nodes of the graph 
correspond to free points in real space and edges 
to paths between these points, which the robot 
can safely go along. The graph generation can 
be done as a precalculation step if the map only 
contains static obstacles. Searching for the 
shortest path can be done using the A* [11], D* 
[12], or other well-known algorithms. For the 
graph generation, several different solutions 
exist, each having its own advantages and 
disadvantages [11]. 

 
One of the biggest drawbacks of roadmap 

algorithms is their low performance in dynamic 
environments, as current approaches simply 
replan from scratch when changes are observed. 
This can be improved by continuously replanning 
in an anytime fashion as more and more 
information becomes available. The method can 
be further enhanced by extrapolating obstacle 
trajectories based on previous motion and adding 
a time dimension to the search space [13]. 

 
Visibility graphs: Visibility graph is a graph 

generation method for polygonal obstacles [14], 
[4]. Each node corresponds to a vertex of an 
obstacle and two nodes are connected if the 
segment joining them does not intersect any 
obstacles (i.e. they are visible from each other, 
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Figure 1. General block scheme of a hybrid navigation 
system. Under normal circumstances, the supervisor 
block (below, dashed line) is not present, but it can 
be used in a possible teaching phase. 
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hence the name). If we add a start and end node 
to the graph corresponding to the start and end 
points in real space, then the shortest path 
between the end and start node on the graph 
ensures the shortest path in real space (hence 
the other name). 

 
Consider the set of possible maps M to 

comprise the sets of obstacles which are 
represented as polygons. Let P be the set of 
polygons from which topological maps are built 
up. The procedure to generate a graph by these 
pieces of information is to extrude the vertices of 
each polygon one by one to a desired distance 
from the original positions. By this step we 
ensure that the resultant graph of the generation 
will decrease the risk of a possible bump of the 
robot with obstacle. In this way the agent will 
meet the extruded vertices while progressing to 
the goal. Let V’ be the set that includes these 
new vertices, by means of which the 

GVh ʹ′:  can be defined. This is considered 
to be the graph generator function. 

 
Automated graph generation: Let M be the set 

of possible maps and G be the set of graphs. We 
are looking for a function GMf : , so that for 
every m ∈ M map the shortest path p on the 
generated g ∈ G graph is not significantly longer 
than the possible shortest path in real world 
space and, furthermore, f can be fully automated. 

In case of local minima the solution is the 
regeneration of the graph by means of the 

GMf ʹ′:*  function, where M’ = M ∪ Mo and 
Mo denotes the set of observed obstacles. Thus, 
M’ contains both the static elements (all of them 
are part of set M) and the observed obstacles 
(Mo) that were supplied by the external sensors of 
the robot. 

2.2 Local navigation 
Since these algorithm use only information of 

the robot’s surrounding, they usually do not have 
to handle as much data as global algorithms. 
This allows them to do all the calculations online, 
which again suits the information as the robot’s 
immediate surrounding is usually known precisely 
at the very moment. 

 
Potential field based navigation: One of the 

possible local navigation systems is the so called 
Potential Field Based (PFB) guiding [5] which is 
our preferred one, as well. The core idea of this 
concept is that the environment affects with 
repulsive forces to the agent according to the 
following expression: 

 

∑ ⋅−= ii edpy )(       (4) 

 
where di is the distance between the ith obstacle 
and the robot, ei is the unit vector pointing 

towards the ith obstacle from the robot, and p is a 
potential function. This potential function can be 
based on Coulomb’s law or some kind of 
variation of it or trained using neural networks. 
Vector y is the obstacle avoidance vector. In 
some cases p can have negative values, which 
means attractive force. We are going to use this 
feature in case of obstacle avoidance. We are 
going to use this feature in case of the goal. 

 
The main advantage of PFB guiding lies in its 

simplicity. The algorithm needs very little 
processing power and can easily be trained. 
Furthermore, the inputs of a PFB system can be 
directly mapped to distance sensors of a robot. 
Nevertheless, a major disadvantage of this 
approach is that the robot can get trapped in local 
minima other than the goal. This problem can be 
dealt with, but this usually makes the algorithm 
much more complex, losing its main advantage 
[15]. 

 
The Vector Field Based (VFB) navigation [16] 

is an improved version of the PFB guiding. The 
main differences are that the algorithm takes into 
account the repulsive vectors themselves instead 
of the sum of the vectors as in case of PFB and 
the direction of the repulsive force of an obstacle 
can be other then parallel with the direction in 
which the obstacle is detected depending on it in 
a more complex way. This allows us to teach the 
robot different kinds of navigation styles 
according to our needs. 

Bug algorithm family: There exists a family of 
algorithms which only use local knowledge, but 
are complete in the sense that they always find a 
safe path [17]. This family consists of Bug 1, Bug 
2, and a number of their derivatives. Their name 
originates from the similarity between the robot 
model used by these algorithms and an insect. 
The robot has two simple behaviors: follow a wall 
(left or right) or move towards the goal in a 
straight line.  

 
Bug 1 algorithm can be described with a set of 

simple rules: 1, head toward the goal by default; 
2, if an obstacle is reached, then circumnavigate 
it and remember the point that is closest to the 
goal; 3, return to that point and continue. It is 
trivial that this algorithm is complete (considering 
that the number of obstacles is finite), since the 
robot gets closer to the goal with each obstacle 
circumnavigated and every obstacle is 
circumnavigated at most once. Bug 2 and their 
derivates work basically the same.  

 
At first glance these algorithms seem to be a 

perfect solution as they are complete and only 
use local knowledge which is always available. 
However, there are certain drawbacks, which 
make them inferior to hybrid navigation systems 
in many ways. First of all, realizing the wall 
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Figure 2. Block diagram of the new hybrid navigation system 

 

Figure 3. Data and control flow diagram of the HYRON system 

following behavior using only distance sensors is 
not an easy task. There are solutions which 
address these problems, but they can not 
eliminate it completely. But their biggest 
drawback lies in the fact that for typical real world 
situations, the path given by Bug algorithms is far 
from optimal. The upper bound for the length of 
the path is proportional to the sum of every 
obstacles’ perimeter, which makes bug 
algorithms unsuitable for many applications.  

 

2.3 Hybrid navigation  
In recent years, attention has been directed to 

hybrid navigation [8], [18], [9], [19]. These 
systems combine the advantages of local and 
global methods, while their complexities and 
running times are kept as low as possible. 

3. HYRON, THE NEW HYBRID NAVIGATION SYSTEM  
The new hybrid navigation system ‘HYRON’ 

aims to incorporate the advantages of hybrid 
systems and also to improve the effectiveness by 
applying well-known and quick local navigation 
(PFB) and optimal global planning (visibility 
graph, A*) parts. Furthermore, a new graph 
generation method is also introduced which 
ensures the quasi optimality of the generated 
path. 

 
A hybrid navigation system comprises a local 

and a global navigation system and accessory 
functionalities that help the previous two to work 
together. The global and local parts can be any 
kind of global and local algorithms. The 
accessory functionalities have to include an 
algorithm for detecting if the local system has 
encountered a situation it can not solve. Other 
functionalities can be added to improve the 
system, but this depends on the global and local 
parts chosen. 

 
Fig. 2 shows how the new hybrid navigation 

system is built up. The global part is responsible 
for designing a quasi optimal (optimal if only pre-
known, static obstacles are present) path 
consisting of temporary goal-points and leading 
to the final goal and for the avoidance of static 
obstacles, while the local part makes the robot 
move to the next (temporary) goal. However, it is 
not enough to purely merge the two subsystems, 
because their functionality has to be enhanced. 

This improvement includes the local minima 
detection and the obstacle memory itself. The 
new concept of obstacle memory covers dealing 
with the temporary storage of dynamic obstacles 
that have just been recognized. By merging the 
content of this memory and the set of static 
obstacles we get a wider look of the environment 
of the robot. After that the visibility graph 
algorithm must be applied on this union and a 
new path is searched on it to reach the goal. Of 
course the capacity of this temporary storage is 
limited, so only recent obstacles are taken into 
account. The recent expression refers to a 
specific surrounding of the agent, as if a square 
(or circle) shaped net were moving 
simultaneously with the robot which is positioned 
at its center. If an obstacle is nearby then it 
supposedly intersects with one or more segments 
of this grid and if so, it is considered to be a 
dynamic obstacle and stored in this temporary 
memory. (Note that this grid is solved by use of 
sensors that are constructed to the robot.) It is 
needless to say that if there is no outer 
interference, the agent keeps trying to follow the 
selected path as much as it can.  

 
Fig. 3 demonstrates the data and control flow 

diagram of the new system. As it is visible, the 
graph generation requires information from the 
sensors, whether a new obstacle and/or local 
minimum is encountered and also the map, which 
contains the known obstacles, that is supplied 
previously to the agent. If all the required pieces 
of information are ensured, the graph generation 
is performed by the concept of visibility graph. 
After that only a path finding algorithm, such as 
the A* or D* ([11]) has to be applied on it in order 
to get the optimal route to the goal. Last but not 
least, the local navigation is going to use this 
path and the data from the sensors to span the 
distance between to nodes of the generated 
graph. 

 
Consider the previously given graph generator 

function GVh ʹ′: . The output of this function 
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is a graph that is generated by the visibility graph 
algorithm. After we have a graph on which an 
optimal path finding is easy to be implemented, 
the navigation system is going to use it, if there is 
no unexpected obstacle en route. In this case, we 
can simply rely on our global plan and touching 
the corresponding vertices as progressing to the 
goal on the edges. The navigation itself is 
realized by the local part between two vertices. It 
has simple reasons: we have to take the strict 
fact into consideration that the environment is 
diverse, where the surrounding of the agent can 
change in every moment. In details it may mean 
that people are going to roam all around in a 
building or we can recognize new (static or 
dynamic) obstacles. It is evident that these 
situations can be handled only by local 
navigation. In the following, local and global 
navigation, and graph generation are discussed 
in details. 

3.1 Global navigation  
The global navigation system has to give a 

path for any start and end point pair on a map it 
has previously learned (if the map exists). A path 
is defined as a sequence of points. The start and 
end points can be any points on the map that are 
not occupied by an obstacle. The fact that this 
system can learn the map before any task is 
given to it, carries high importance to its 
performance, since this allows it to make 
calculations which are not feasible during the 
actual navigation. For most roadmap algorithms 
this means that the graph can be generated 
without time constraints, allowing us to use more 
complex algorithms.  

 
Let us recall that M and G are the sets of maps 

and graphs respectively while pstart and pend are 
the start and end points, pi is the ith point of the 
path, i =1...n, and n is the number of points on 
the path. Using offline calculations the  

 
),...,,(},,{: 21 nendstart pppppMg           (5) 

  
global navigation system can be divided into  
 

 
GMgoffline :

           (6) 
 

and  
 

),...,,(},,{: 21 nendstartonline pppppGg   (7)  
 
parts where offlineg  is a more complex function 

which can not be executed real-time, while onlineg  

is a simpler one and can be executed real time.  
 
For the global navigation system we can make 

the following requirements:  

• It has to be complete. That is, for every 
possible map and start and end point pair, it 
has to be able to give a path that the robot 
can safely go along.  

• It has to give such a sequence of points, so 
that between any point and the next one a 
local navigation system would be able to 
navigate through. For this requirement we 
defined that for any pi and pi+1 segment 
pipi+1 should not intersect any obstacles.  

• It has to give a path that is near optimal.  

Many roadmap algorithms fulfill the above 
requirements; however, not all of them give a 
good quality solution. We have compared 
different graph generating algorithms based on 
their performance during modifying a graph with 
newly observed obstacles and on the optimality 
of the given path and found that the visibility 
graph method has adequate performance while 
giving an optimal path. 

3.2 Local navigation  
Between the points of the path given by the 

global algorithm, a local navigation system has to 
guide the robot. Since we defined that the 
segment 1+ii pp  can not intersect any obstacles, 
in a static environment the simplest algorithm, 
which guides the robot to the next point on a 
straight line, could be used. Unfortunately, we 
can not expect the environment to be static, so 
we need more complex solutions.  

 
As a consequence of the fact that the 

environment is to be changing as time goes on, 
we have to take certain things into consideration. 
Firstly, different creatures (people, animals, 
robots) can pass the territory where the robot 
moves on. Secondly, the surrounding of the robot 
can vary on a wide scale, e.g. a door can be 
opened in one moment, and closed in the other. 
Given these facts and the desire that the 
algorithm be fast enough were an inspiration to 
implement the PFB local navigation algorithm. 
Due to its properties, it can handle easily the 
quick changes of the environment however it is 
our task to enhance it.  

 
As we know, the potential field based guiding 

uses the resultant of the vectors of repulsive 
powers and the one directing toward the goal. In 
our case these conditions are given but we 
enhanced it in order to satisfy our expectations.  

 
The robot is about to follow the path that was 

designed by the global navigation system, while it 
is feasible and there are no unexpected 
obstacles en route to the goal. Given the 
segment 1+ii pp , which intersects one or more 

Oo∈  (member of the set of obstacles). In this 
case our agent can not pass through these 
obstacles, so there is no option but switching to 
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the local navigation system, while it reaches the 
end vertex of the segment. Nevertheless, this 
subsystem knows nothing about the global goal 
and if so, the agent could not avoid the obstacle. 
That is the reason why a temporary target must 
be chosen to the local subsystem which attracts 
the agent so the PFB navigation will work fine. 
The best solution is to choose the end vertex of 
the segment  1+ii pp .  

3.3 Graph regeneration  
As the local navigation of the new hybrid 

system is not a complete one, the robot can get 
trapped in a local minimum. In this case the 
global navigation system has to merge the 
contents of the obstacle memory and the set of 
static obstacles, regenerate the graph, and find a 
new path on it. The components of the hybrid 
system we have discussed so far can all be run 
in real time, even on devices of low performance 
(e.g. microcontrollers), however, the regeneration 
of the map can take much time for the visibility 
roadmap algorithm.  
 

The most trivial improvement is to only modify 
the graph and not start from scratch. This can be 
done as the following: 

1) Find all original edges that intersect any new 
obstacle and remove these edges. 

2) For all vertices of new obstacles, connect 
them with all new or old vertices that are 
visible from them. 

Step one guarantees that every possible path 
on the graph is also possible path in real space. 
Step two guarantees, that every optimal path in 
real space is also a possible optimal path on the 
graph. Unfortunately, this method is still too 
complex to be used in real-time because the 
running time is proportional to the square of the 
number of obstacles.  

 
Our solution is to generate a graph that is 

simpler than the one defined by the visibility 
algorithm. This can be done by connecting new 
vertices only to vertices that are nearer to them 
than a certain distance. Of course the generated 
graph is not necessarily connected. In this case, 
the distance has to be increased and the 
connecting of new vertices has to be redone. The 
whole algorithm is the following:  

1) Find all original edges that intersect any new 
obstacle and remove these edges.  

2) For all vertices of new obstacles, connect 
them with all new or old vertices that are 
visible from them and closer than a certain 
distance.  

3) If the graph is not connected, then increase 
the distance and continue with step 2.  

So far we have not dealt with the complexity of 
finding intersecting obstacles for edges. This can 

be implemented using binary space partitioning 
techniques or hash maps. Our algorithm uses 
binary space partitioning.  

 
Binary space partitioning (BSP) techniques [20] 

recursively subdivide a space into convex sets 
using hyperplanes. The resulting tree 
representation of space, called a BSP tree, was 
first used to accelerate polygon rendering, but 
can also be applied to collision detection. If the 
tree is balanced, then the time needed for finding 
a number of sets in the tree is proportional to the 
logarithm of the number of elements in the tree. 
In our case, the tree is generated for the whole 
map and we store in each leaf the obstacles that 
the convex set contains. Then, we use this tree to 
find areas that a certain edge intersects. As the 
tree can be built so, that each leaf contains at 
maximum a constant number of obstacles, we 
can find obstacles that an edge intersects in time 
proportional to the logarithm of the number of 
obstacles.  

 
The BSP tree can be built using the following 

steps: 

1) Sort all obstacles on the map using one of 
their coordinates. 

2) Divide the obstacles into two groups, based 
on whether their coordinate is greater or 
less than a constant. The constant should 
be chosen to make the two groups equal in 
size.  

3) If the resulting groups contain more 
obstacles than a constant parameter, then 
continue recursively on them, using another 
coordinate.  

The above steps build a balanced BSP tree, 
where each leaf holds at maximum a constant 
number of obstacles. This can be done offline for 
the map. New obstacles can be easily added 
online, by finding the leaf that should contain it, in 
time proportional to the logarithm of the number 
of obstacles, and adding the obstacle to this leaf. 
Then, finding intersection obstacles for an edge 
can also be done in running time proportional to 
the logarithm of the number of obstacles. Testing 
the connectivity of the graph is trivial.  

 
The resulting graph is not an optimal one, but 

is usually close to optimal, thus the path found on 
it can be accepted as quasi optimal. The running 
time of the graph regeneration is roughly 
proportional to the number of new obstacles and 
the logarithm of the size of the map.  

4. EXAMPLES 
For illustrating the performance of the 

introduced navigation technique, in this section 
simple examples are shown. 
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Figure 4. Path generated by the hybrid method presented in 
[8] 

 

Figure 5. Path generated by HYRON 

 

Figure 6. Graph regeneration, part 1 

 

Figure 7. Graph regeneration, part 2 

The first example makes a comparison 
between the hybrid algorithm described in [8] and 
the new method in case of a simple room 
arrangement. Fig. 4 shows the path generated by 
the method presented in [8]. (The route is far 
from optimal and usually not all static obstacles 
are considered.) Fig. 5 shows the near optimal 
path of the new hybrid navigation.

 
 
 
 
 
 
 
 
 
 

 
 
 
Fig. 6 demonstrates the case when the agent 

does not know whether a door is closed or not. In 
this case, the visibility path graph is generated by 
not taking the door into consideration (it can be 
opened) and calculating the path through it. 
However, when the robot concludes that it is 
closed it cannot move ahead. This is one case of 
local minima, because there is no progression to 
the goal. By generating a new graph, which 
includes the door as an obstacle, the problem is 
solved and another route can be taken, however, 
it is more expensive compared to the original 
one. This situation is represented by Fig. 7. This 
figure shows also the path of the agent to the 
goal, including the avoidance of an unexpected 
obstacle: Dynamic Obstacle 1.  
 

5. CONCLUSION 
In this paper, a new hybrid robot navigation 

system has been reported. The method 
combines the so called potential field based 
guiding (PFB), which is its local part, a roadmap 
algorithm which is its global part, and a new 
concept, the graph regeneration based on the 
obstacle memory. Simulations proved that it can 
successfully be applied in those situations too 
where obstacle and local minimal avoidance is 
the case. As a consequence, we offer a new 
approach by means of which many unexpected 
conditions can be tackled. The new method is 
universal and can successfully be applied in real 
situations in all walks of life.  

REFERENCES 
[1] Mester, Gy., Rodic, A., “Autonomous Locomotion of 

Humanoid Robots in Presence of Mobile and Immobile 
Obstacles,” Studies in Computational Intelligence, 
Towards Intelligent Engineering and Information 
Technology, Vol. 243/2009, pp. 279-293. 

[2] Mars Pathfinder, http://marsprogram.jpl.nasa.gov/MPF/, 
1997.  

[3] Blåsvær, H., Pirjanian, P., and Christensen, H.I., “AMOR 
- An Autonomous Mobile Robot Navigation System,” 
Proc. of the IEEE Int. Conference on Systems, Man, and 
Cybernetics, Vol. 3, 1994, pp. 2266-2271. 

[4] Latombe, J., “Robot Motion Planning,” Kluwer Academic 
Publishers, Boston, MA, USA, 1991. 

[5] Koren, Y. and Borenstein, J., “Potential Field Methods 
and their Inherent Limitations for Mobile Robot 
Navigation,” Proc. of the 1991 IEEE Conference on 
Robotics and Automation, Apr. 1991, pp. 1398–1404. 

[6] Wettergreen, D., Gaskett, C., and Zelinsky, A., 
“Development of a Visually-Guided Autonomous 
Underwater Vehicle”. Proc. of the IEEE Conference on 
OCEANS98, 1998. 

38



 
[7] Mester, Gy. “Sensor Based Control of Autonomous 

Wheeled Mobile Robots,” The Ipsi BgD Transactions on 
Internet Research, TIR, Vol. 6, No. 2, 2010, pp. 29-34. 

[8] Kiss, L., Várkonyi-Kóczy, A.R., and Ruano, A., “A Hybrid 
Autonomous Robot Navigation Method Based on 
Artificial Intelligence and Soft Computing Techniques,” 
Proc. of the IFAC International Conference on Intelligent 
Control Systems and Signal Processing, ICONS 2003, 
Faro, Portugal, April 8-11, 2003, pp. 251-256. 

[9] Várkonyi-Kóczy, A.R., “A Universal Autonomous Robot 
Navigation Method,” International Journal of Advanced 
Computational Intelligence and Intelligent Informatics 
(JACIII), Vol. 12, No. 2, March 2008, pp. 206-223. 

[10] Canny, J.F., “The Complexity of Robot Motion Planning,” 
MIT Press, Cambridge, MA, 1988. 

[11] Russell, S.J. and Norvig, P., “Artificial Intelligence - A 
Modern Approach,” Prentice-Hall, 1995. 

[12] Stentz, A., “Optimal and Efficient Path Planning for 
Partially-Known Environments,” Proc. of the IEEE 
International Conference on Robotics and Automation, 
San Diego, CA, Vol. 4, May 1994, pp. 3310-3317. 

[13] Van der Berg, J., Ferguson, D., and Kuffner, J., “Anytime 
path planning and replanning in dynamic environments,” 
Proc. of the 2006 IEEE International Conference on 
Robotics and Automation, pp. 2366-2371. 

[14] Lozano-Pérez, T. and Wesley, M.A., “An algorithm for 
planning collision-free paths among polyhedral 
obstacles,” Communications of the ACM, 1979. 

[15] Rimon, E. and Koditschek, D.E., “Exact Robot 
Navigation Using Artificial Potential Functions,” IEEE 
Transactions on Robotics and Automation, Vol. 8, 1991, 
pp. 501-518. 

[16] Visontai, M., Kiss, L., Baranyi, P., and Várkonyi-Kóczy, 
A.R., “3-Dimensional Potential Based Guiding,” Proc. of 
the IEEE Conference on Intelligent Engineering 
Systems, INES2000, Portorož, Slovenia, 2000, pp. 305-
308. 

 

[17] Lumelsky, V.J. and Stepanov, A.A., “Path-planning 
Strategies for a Point Mobile Automation Moving Amidst 
Unknown Obstacles of Arbitrary Shape,” Algorithmica, 
1987. 

[18] Tsai, C., Hu, S., Huang, H., and Hsieh, S., “Fuzzy hybrid 
navigation of an active mobile robotic assistant: A 
multisensory fusion approach,” IEEE Workshop on 
Advanced Robotics and Its Social Impacts ARSO 2007, 
Hsinchu, Dec. 9-11, 2007, pp. 1-6. 

[19] Chen, C., Li, H. and Dong, D., “Hybrid Control for Robot 
Navigation A Hierarchical Q-Learning Algorithm,” IEEE 
Robotics and Automation Magazine, Vol. 15, No. 2, 
June, 2008, pp. 37-47. 

[20] Berg, M., Kreveld, M., Overmars, M., and Schwarzkopf, 
O., “Computational Geometry,” Springer-Verlag., 2000, 
pp. 251–265. 

 
 

39




