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Abstract: In this paper we deal with possible uses of case-based reasoning methods to improve
autonomous mobile robot navigation. We describe CBR approaches to both levels of navigation,
global and local, but the main attention is focused on a path planning problem. The aim of path
planning is to search for paths between two points without collisions with known obstacles. At the
same time, the length, difficulty and risk of paths need to be minimized. The verified paths are
stored in a case base along with information about their properties. When proposing a path, first of
all, the most similar already used paths are found. Then they are adapted to the new problem
definition. When no sufficiently resembling paths are found, other methods are used to search for
paths.
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Introduction

In this paper, we deal with the contribution the use of case-based reasoning (CBR) methods can
provide for the navigation of an autonomous mobile robot in partially known dynamic environment.
The purpose of the navigation is to find the shortest and least expensive path between two points
with no collisions with obstacles in an environment.
Robot motion planning in partially known dynamic environment usually proceeds in two
phases. In the first phase, a global planner suggests a path with no collisions so that the robot
avoids known obstacles. The second phase is a local navigation of robot while moving along the
designed path and trying to avoid unknown objects.
A dynamic environment is very hard to model (changing obstacles, moving objects), which is
why the navigation in such an environment is a difficult task and robots with the ability to learn and
explore the environment are needed. This ability is often achieved by using neural networks,
reinforcement learning or inductive learning. An alternative to these approaches is case-based
reasoning. CBR systems are able to obtain new knowledge while working. In short, it is possible to
characterize CBR systems as systems that solve new problems by trying to adapt solutions of
similar, already solved problems. Such a system stores previous tasks and their solutions calling
them cases, which makes it possible to learn from previous experience. It corresponds to the way
people use for solving problems. Considering the character of navigation tasks in which similar
problems often appear, a substantial merit of using case-based reasoning can be assumed.
2

Principles of CBR

A brief overview of CBR and its major open problems is presented in [10]. Aamodt and Plaza [1]
give an overview of the fundamental issues related to CBR, and describe some of the leading
methodological approaches within this field. The book [7] summarizes the results of the recent
years of research in CBR.

2.1

Process of CBR

As mentioned in the introduction, CBR is based on obtaining and adjusting old successful solutions
to new problems. The working of any CBR system can be described by a so called common CBR
cycle (4R cycle). Typically, the following four steps are defined [1]:
1. RETRIEVE the most similar case or cases.
2. REUSE the information and knowledge in that particular case to solve the new problem.
3. REVISE the proposed solution.
4. RETAIN the parts of this experience likely to be useful for future problem solving.
Usually a case is formed of the problem and its solution. In its simplest form, a case is
represented as an ordered pair (problem, solution) where an attribute-value vector ( a1 , ... , a n )
usually describes the problem. This form corresponds to a rule a1 , ... , a n → solution. An attribute
can be numeric (discrete or continuous), crisp symbolic (its values are strings of characters with
definite meanings) or vague linguistic (each linguistic value is represented by means of the
corresponding fuzzy set). Cases themselves constitute a base of obtained knowledge named case
base.
The retrieval step includes searching the case base for similar cases according to a selected
global similarity measure and then choosing the best cases from the ones found. The global
similarity measure consists of partial similarity measures that determine similarities between
particular attributes. As we often need to work with imprecise values represented by fuzzy sets,
fuzzy similarity measures can take part in the global similarity measure, too [13].
The most important part of reusing is an adaptation that transforms the retrieved cases in some
way. Unfortunately a simple transformation usually does not exist. So besides specific knowledge
represented by cases, general domain knowledge usually plays a part in the CBR cycle by
supporting especially the phase of adapting the solution retrieved. Those parts of knowledge
represent, for example, general insights into the area of interest. In rule-based systems, they are
stored in the form of rules. This has no counterpart in the concept of a case used in CBR. Such
knowledge can, however, be stored in the similarity measure or in the solution transformation,
which are two of the main knowledge containers of CBR. That is why CBR systems are sometimes
combined with other (e.g. rule-based) systems, which increases, if needed, their ability to use this
common knowledge.
The revision of the solution proposed can be theoretical, which means that we test whether this
solution is usable. The usable solution is then practically tested by performing or implementing it. If
the solution is acceptable, the system can save it with the corresponding problem in the case base in
the retaining step of the CBR cycle.
The efficiency of a CBR system depends upon several factors. One of them is selecting a
suitable case representation because with the growing number of saved cases the time needed for
working with them will be also increasing. Another factor is a proper structuring of the case base,
which can also cut down time requirements partially.
2.2

Case base maintenance

It is possible to make the CBR system more effective by selecting a suitable strategy of choosing
which cases are good enough for retaining. After some time, we usually reach a limit of the case
base’s size. Retaining all solutions is inconvenient in the long run because a large number of very
similar cases do not carry more additional information. This is the reason for accepting some
choosing strategy for systems that are designed for a long service time. These strategies may be
passive or active. Passive strategies do not distinguish the quality of the retained cases. The simplest
strategy is of course limiting the number of cases that can be kept in the case base. But in this way,

we almost reject the greatest benefit of the CBR system, that is, the possibility of learning from new
cases.
A modification of this procedure, which preserves certain system flexibility, is replacing the
oldest cases by new ones. But it is quite obvious that this approach can lead to downgrading the
suggested solutions since we also loose some very successful solutions from the case base. We can
also stop retaining information about new cases that provided similar solutions after reaching a
predefined number of such cases and at the same time continue retaining cases with new, not even
approximately similar solutions. An active element can manage strategy, which, rather than the
oldest cases, replaces those with less successful solutions after reaching the capacity limitation of
the case base. Another possible saving strategy is, rather than entire cases, to retain only case
indices from which such cases has been derived by adapting their solutions, because this adaptation
procedure can be repeated again whenever needed. We do not retain duplicate cases more than
once, but we can store information about the number of case applications. This number can be then
used as a measure of case usefulness and seldom used cases can be forgotten.
Kruusmaa and Svensson [6] analyze the following forgetting strategies based on the values of a
cost function characterizing a case:
1. Forgetting the worst cases (the learning is thus success-driven).
2. Forgetting the average cases (the average cases are forgotten as non-characteristic to the
problem at hand).
3. Forgetting the best cases (the learning is failure-driven, concentrated on not repeating failures).
2.3

Hybrid systems

Case-based reasoning is often used in combination with other methods (hybrid systems). Besides
CBR mechanisms, hybrid systems also use alternative methods of task solving, which are generally
called MBR (model-based reasoning). Alternative methods must be able to solve a complete task
from scratch. Thanks to the alternative methods, the hybrid systems can be used to solve even tasks
that are unsolvable with the current case base.
The base of CBR+MBR system can be empty at the start of a process. Alternative methods can
be used to fill the case base with initial cases. At the beginning, the whole system will be
completely dependent on them. The CBR methods will prevail gradually though the alternative
methods will not be quite suppressed. But this is quite natural because there may be situations in
which the system does not have enough information to design a solution using the case base only.
We can also reject a proposed solution for some reasons so that it is then necessary to use other
methods to find another solution. Considering that approaches using CBR methods are applied
mostly in a changeless or similar environment where repetitive tasks are performed, the case base
does not remain empty or not topical for a long time. The use of other less effective methods
becomes only supportive later on. In most applications, case based reasoning can significantly
increase the system efficiency in comparison with situations in which this system only uses an
alternative method.
Subsidiary methods can be used not only for the case base filling and improvement. They can
support all knowledge components of CBR. In addition to creating, adding and editing cases, they
can implicitly participate in adjusting the similarity measure (e.g. by modifying weights) and even
in redefining the transformation process (by creating new adaptation rules).
Louis and Li [9] combine CBR with a genetic algorithm. The resulting combination takes
advantage of both paradigms: the GA component delivers robustness and adaptive learning while
the CBR component speeds up the system. The use of genetic algorithm in combination with CBR
for robot navigation is also described in [14, 15]. Other alternative methods used in cooperation
with CBR include graph searching algorithms [4], reinforcement learning [11], a probabilistic
searching algorithm [5], inductive learning [7].

3

Using CBR for robot navigation

The motion planning of a mobile robot is often decomposed into path planning and trajectory
planning. The path planning (global navigation) generates a path from a start to a goal position
without collisions with known obstacles. The trajectory planning (local navigation) schedules the
movement of a robot along the planned path avoiding unexpected obstacles. Case-based reasoning
is usable for robot navigation at both levels. CBR is also applicable to other tasks of robot
movement, for example, identification of unknown obstacles etc.
3.1

CBR in global navigation

When solving a path-planning problem, previously found paths or their parts can be used. Instead of
searching for a new path, it will suffice to find out the most similar paths or their parts that lie near
the given start and goal points of the required path and adapt them to this new path.
Kruusmaa and Svensson [5, 6] propose a CBR path planning method for an environment
represented by a rectangular grid of cells. As cases they use whole paths that the robot has
traversed. Each path in the case base is stored with the value of a cost function that characterizes its
traversability. When this cost is used, the robot will be more likely to take those routes that have
been followed successfully.
As several different paths can exist between two specific points in the case base, each path is
selected as a solution with some probability. Searching for a new path by an alternative algorithm
can be selected with some probability, too. It keeps the system more adaptable to changes of
environment. For a specific path, the lower the cost, the higher the probability that the path is
selected. If there are no similar cases, or if the proposed path is not good enough, the path planner
based on a probabilistic searching method is to be used to plan the whole new path.
If, for given start and goal cells, the case base does not contain a path connecting them, a
similar path is retrieved. As similar are considered paths with endpoints in neighborhoods of the
given start and goal cells. The paths retrieved are extended to the given start and goal cells (this
represents the adaptation step of CBR). After traversing the path determined in the way described
above, the experience obtained is retained if necessary. It means that this path will be stored in the
case base, only if the case base does not contain any similar path with a lower or equal cost (similar
path with a higher cost will be replaced by the new one). The similarity measure for this phase is
different from the one used in the retrieving phase and is based on the distance between the paths.
The problem is that many existing CBR systems (including previously described one) identify
no partial cases at all. This is unfortunate because, in many domains and path planning in particular,
the transfer rate of past experience is considerably reduced if only complete plans can be reused.
Haigh and Shewchuk [4] propose a methodology for determining a set of cases, which
collectively form a good basis for a new plan, and may include partial cases. This methodology is
applicable in continuous environments. When a plan is generated, the solution trace is either stored
as a case or broken into several pieces and stored as a series of cases. Each case is approximated by
a line segment in a two-dimensional graph, and line segments are allowed to intersect only at their
endpoints. When the generated plan intersects existing segments, the plan and the cases it intersects
are broken into smaller cases at the intersection points to maintain these constraints. The resulting
graph is called a case graph and the segments of this graph case segments. It is important to find a
reasonable compromise between staying on old routes and finding new ones. Hence, an efficiency
value is assigned to each case (it is a rough measure of how much a known case should be preferred
to unexplored areas). If the case base is empty or does not contain any cases applicable in the new
situation, the system uses its current domain knowledge to construct a viable solution.
The problem of identifying relevant cases is transformed into a geometric problem with an
exact solution. This geometric problem is transformed into a graph problem by constructing the
complete graph (i.e., every pair of vertices is connected by an edge) whose vertices are the vertices

of the case graph (i.e., the endpoints of the cases), plus the start and goal points. Each edge (u, v) of
this graph is weighted by the cost of a good simple route between u and v. Given this graph,
Dijkstra’s shortest path algorithm is applied to find the lowest-cost path from the start to the goal
point. This algorithm is prohibitively slow as it uses the complete graph. Therefore a faster
approximation algorithm is proposed where the complete graph is replaced by a Delaunay
triangulation.
3.2

CBR in local navigation

Case-based reasoning can also be used for selecting the local behavior of a robot (avoiding
obstacles, moving around obstacles and walls, cruise control, lateral guidance, etc.). For example,
we can retain procedures in the case base that have been used for avoiding an obstacle together with
the obstacle properties so that the system can propose an effective procedure for avoiding a similar
obstacle.
Ram and Santamaria [11] introduce a self-improving navigation system (SINS) for the dynamic
selection, modification and acquisition of robot behaviors. This system is based on a hybrid method
for augmenting the performance of a reactive control system that combines case-based reasoning
for on-line parameter adaptation and reinforcement learning for on-line case learning and
adaptation. Cases consist of time sequences of associations between situations and control
parameters. The robot periodically retrieves the case most similar to the current situation and the
recent history of situations leading up to it. The case similarity metric is based on the Euclidean
distance between the vector values of the case and the vector values of the environment. If the
control parameters suggested by the case have been successful in the past, the robot modifies these
parameters to the current situation. If no case in memory is similar to the current situation, then the
robot tries a reasonable set of control parameters. The knowledge required for behavior adaptation
is stored in cases, in contrast to the traditional case-based reasoning systems in which a separate
library of adaptation rules is used to adapt a solution to fit the current problem.
An implementation of the SINS multi-strategy learning controller for mobile robot navigation
is presented also in [2], including an evaluation of this controller in a real and in a simulated mobile
robot.
In [8], authors present an approach to learning an optimal behavioral parameterization in the
framework of a case-based reasoning methodology for autonomous navigation tasks. The presented
method extends the case-based reasoning module by making it capable of learning new and
optimizing the existing cases. The CBR unit operates at the reactive level. In particular, it selects
the set of parameters for a currently chosen behavioral assemblage that is best suited to the current
environment. As the robot executes its mission, the CBR unit controls the switching between
different sets of behavioral parameters in response to changes in the environment. Each such set of
parameters constitutes a case in the CBR system and is indexed by environmental features. The
adaptation step in the case-based reasoning subsequently fine-tunes the parameters to a specific type
of environment, allowing the library of cases to be small.
The papers [16, 17] deal with the use of CBR for local navigation of mobile robots in a
dynamic environment. Cases contain a robot orientation, the course to goal, sensor information and
the resulting movement direction. The cases are supplemented by weights which are adaptively
changed according to frequency and success of using cases. By means of a clustering algorithm,
classes of similar cases are created and prototypes of this classes form the case base. Cases are
obtained using two learning strategies: the learning based on observation and learning based on own
experience. The observation-based learning is supervised by a teacher who, by means of some
suitable interface, drives the robot to achieve given goals. During the learning based on own
experience, the cases obtained while the robot operates autonomously are inserted into the case
base. The proposed approach to local navigation is proved on a four-wheeled robot equipped with
sonar sensors.

In [18], a similar approach for four-legged robot navigation is used. It navigates using visual
information about environment but the case base is created by the supervised learning only.
The paper [19] describes the use of CBR in a system recognizing the characteristic features of
the interior environment for locally navigating a robot in this environment. On the basis of data
from ultrasonic sensors, a small two-dimensional local fuzzy map is constructed. After removing
noise by filtering, the information is reduced to one dimension in such a way that, for the polar
coordinates of a robot’s neighborhood, the degree of membership to the free-space is assessed.
Based on the fuzzy set obtained in this way, CBR determines the corresponding environment
feature (corridor, corner, dead end, junction, etc.). Cases included in the case base are represented
by pairs (fuzzy set describing the neighborhood of a robot, environment feature). The possibility of
supervised learning is also considered.
In [20], the use of CBR for effective planning of game strategies in the robotic soccer is
described. Cases represent different game situations coupled with the corresponding behavior of the
robotic team. The system retrieves the most similar cases from the case base according to the
current game situation. Using these cases, the system designs an optimal team behavior.
3.3

CBR in integrated navigation systems

As already mentioned, there are two main groups of methods for robot navigation: methods of
global navigation (deliberative planning methods) and methods of local navigation (reactive
planning methods). In the past, deliberative and reactive planning were seen as competing
philosophies for controlling a robot. More recently, attempts have been made to integrate these
approaches in order to create a system that has the best features of both. Many systems which
integrate deliberative and reactive planning use a different learning method to perform either part of
the planning task. Having separate methods increases the complexity of the overall system, and
means that the system must explicitly choose when to apply high-level reasoning and when to apply
a low-level behavior [3].
Supic and Ribaric [12] integrate global and local navigation tasks using a stepwise case-based
reasoning (SCBR) approach. Route cases are used to support the high-level route planning module
and situation cases are used to support the situation module. The route planning module generates
high-level plans as sequences of subgoals. The situation module is then responsible for reaching the
subgoals location while avoiding obstacles. A route case is a description of the route consisting of
the source and the destination of the route and an ordered set of concrete situation cases. Each
situation case represents a particular class of configurations of the local environment and
information about how to behave in it.
In the SCBR approach, adaptation knowledge comes in the form of behavior routines and
motion strategies. Behavior routines are elements of the adaptation knowledge that enable a system
to construct actions. A motion strategy represents an alternating sequence of behaviors and
landmarks. Landmarks are distinctive features of the environment, which help the system to apply
motion strategies. A sequence of landmarks is retrieved from a concrete situation case.
Another way of integrating both navigation levels by means of CBR has been proposed by Fox
[3] for RUPART, which is a delivery robot navigating through the hallways of an office building
(this environment is modeled by a rectangular grid). Both reactive behaviors and high-level plans
may be encoded as cases, and retrieved using the same indices and similarity assessment. The robot
cycles rapidly through a decide-implement-and-act loop during which it assesses its current
situation and decides whether it needs to select a new action to take. The robot chooses to re-plan
when its situation varies significantly from either its expectations or the situation when re-planning
last occurred. If it chooses to update its behavior, it constructs an index describing its current
situation and retrieves a small number of cases which best match its situation. The retrieval is based
on features relevant to both high-level and low-level planning actions and the cases retrieved may
be high level plans, reactive behaviors or meta-plans (when no specific case matches the current

situation). Meta-plans may encode generic reactive behaviors or may suggest alternative methods
for generating high-level plans. Based on what is retrieved, a robot may create or adapt high-level
plans, or execute a low-level behavior.
In contrast to the retrieving component, the learning component of RUPART is handled by
separate processes, one for plans and one for behaviors. The robot records the high-level-plan steps,
which are successfully used to guide reactive planning. It similarly records the reactive parameters
used by the system between one re-planning event and the next and stores them under the index
describing the situation in which they started. RUPART incorporates also the introspective learning
component, which focuses on changes to the indexing criteria based on retrieval failures: adding
indexing features or altering the weights used for similarity assessment.
4

CBR path planning in a rectangular grid

We consider a rectangular grid [1, m] × [1, n]. A cell c of this grid is determined by a pair of
coordinates in this grid: c = ( x, y ) where x ∈ {1,2,..., m} , y ∈ {1,2,..., n} . The allowed directions of
robot motion are only horizontal, vertical and diagonal (Fig. 1 a). In Fig. 1 b, the grid representation
where black cells correspond to obstacles is shown. Cells carry risk values representing their
traversability (cells occupied by obstacles carry 1).
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Fig. 1: a) feasible directions of robot motion, b) the map of environment with obstacles

During a robot’s movement along a previously planned path, each cell can change its risk
value. The risk value of a cell increases if, in this cell, the robot meets an obstacle (static or
dynamic). Similarly, if the passage through a cell has been successful, the risk value decreases. It is
possible to include other influences of the environment in the risk value (type of terrain, obstacle
proximity, etc.).
A distance (not considering obstacles) between points ci = ( xi , yi ) and c j = ( x j , y j ) can be
defined by these formulas:
d ( ci , c j ) = ( xi − x j ) 2 + ( yi − y j ) 2

(1)

d ( ci , c j ) =| xi − x j | + | yi − y j |

(

) (

d ci , c j =

)

{

}

{

(2)

}

2 − 1 ⋅ min | xi − x j |, | yi − y j | + max | xi − x j |, | yi − y j |

(3)

The first one is mostly used to estimate a distance; second one is suitable for interior environments.
The third equation corresponds to the fact that cells are squares and only motions in horizontal,
vertical and diagonal directions are allowed.

new point

old start or goal

old path

new path
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Fig. 2: Retrieving and adapting path: a) according to [5, 6]; b) using the case graph
In [5, 6], a path P (c s , c g ) from the start cell c s to the goal cell c g is specified as an ordered
set of adjacent grid cells and is weighted by the cost function defined as
F ( P) = f (l , r , γ i )

(4)

The parameter l is the length of the path. The parameter r characterizes the risk (or difficulty) of
following the path and is calculated by gathering information during the path following process.
The ideal cost γ i is the cost of the shortest and easily traversable path from start to goal.
For a given start cell c s0 and a given goal cell c g0 a similar path is retrieved according to the
formula

{

(

)

P (c ′s , c ′g ) = arg min F P(c s , c g ) d (c s0 , c s ) ≤ δ , d (c g0 , c g ) ≤ δ

}

(5)

If the cells c′s and c ′g are found, then a searching algorithm is used to find paths from c s0 to c ′s and
from c g0 to c ′g (adaptation). This process is illustrated by Fig. 2a.
A similarity measure for the retaining phase is different from the one used in the retrieving
phase and is based on the Hausdorff distance between the paths P1 and P2 defined in this way:
D( P1 , P2 ) = max min d (ci , c j )
ci∈P1 c j ∈P2

(6)

where d (ci , c j ) denotes the distance (1).
4.1

Proposal of case graph based path planning method

A proper case representation is essential to influencing the size of the case base and so it is
important to minimize the amount of information saved about a path but we cannot afford to loose
any indispensable information. The case representation as an ordered set of adjacent grid cells is
memory consuming and it is difficult to work with such structures. We, therefore, propose a better
case representation than that used in [5, 6] where not all the cells of paths have to be included. The
path P (c s , c g ) from the start cell c s to the goal cell c g is represented as a sequence

P (c s , c g ) = {c s , c k1 ,..., c ki ,..., c kn , c g }

(7)

where the internal cells c ki of this sequence are those cells in which the direction of motion is
changed or this path intersects with another path. Therefore the path can be regarded as a sequence
of line segments (ci , c j ) and these segments are stored as cases in a case graph (see Fig. 2b). If not
only complete paths but also their parts can be reused, then the transfer rate of past experience can
be considerably increased. The line segments are weighted by values of a cost function
F ( c i , c j ) = l ( c i , c j ) ⋅ r (c i , c j )

(8)

where l is the length of the linear segment between points ci and c j , r is the risk of passing through
this segment (we consider a sum of risks of cells constituting the segment).
Let a start cell cs and a goal cell c g be given. The retrieval of similar paths can be based on
the intersections of case segments with the neighborhoods of these cells. We define a neighborhood
N (ci , δ ) of a cell ci as follows:

{

N (ci , δ ) = c j | d (ci , c j ) ≤ δ

}

(9)

2
-distance
where d (ci , c j ) is the R ∞

d (ci , c j ) = max{| xi − x j |, | yi − y j |}

(10)

A searching method is used to find paths from cs and c g to the corresponding case segments. As
similar paths we regard paths that connect points from the intersections of case segments and the
neighborhoods N (cs , δ ) and N (c g , δ ) . When no similar path is found or a system decides to
search for another path, some searching algorithm has to be used.
The path planning process can be improved by means of the case graph in this way:
1. If c s ∈ N (c g , δ ) , we find the path from cs to cg in the grid by means of an alternative
searching algorithm and the algorithm ends.
2. We determine the sets of cases that intersect the neighborhood of the start cell and the goal cell
respectively:

{

}

E s = { C | C ∩ N (c s , δ ) ≠ ∅} , E g = C | C ∩ N (c g , δ ) ≠ ∅

(11)

3. If both these sets are non-empty, then we temporarily modify the case graph G as follows: We
extend this graph by the cell c s and edges connecting this cell with the closest cells in the cases
from E s . These edges are found by means of an alternative searching algorithm working on the
grid and weighted by the value of the cost function (8). The same extension is performed for the
goal cell c g . In the modified graph G ′ , we then search for an optimal path connecting cells c s
and c g .
4. If this path exists and is acceptable, the algorithm ends. If we are not satisfied with this path (as
a criterion of the satisfaction can be used, e.g., the path difficulty or the ratio of the path length
to the corresponding Euclidean distance), we try to find a better path without using the case
graph and the algorithm ends.
5. If an optimal path in G′ is not found (the graph G′ is not connected), or at least one of the sets
E s and E g is empty, we find the path from c s to c g in the grid by means of an alternative
searching method and the algorithm ends.

For the retaining phase, we can define a similarity of case segments in this simple way: the
segments (ci , c j ) and (c k , cl ) are similar, if
d (ci , c k ) ≤ δ ∧ d (c j , cl ) ≤ δ ∨ d (ci , cl ) ≤ δ ∧ d (c j , c k ) ≤ δ

(12)

where d can be one of the distances (1), (2), (3), (10).
The proposed approach was implemented in [14] in combination with a genetic algorithm and
in [21] with graph searching algorithms.
4.2

Computational results

In this section, we describe computational results obtained in [21]. All experiments have been
performed on a personal computer with Mobile Intel Pentium 4-M, 1,70GHz processor and 768MB
RAM.
The CBR algorithm has been compared with Dijkstra’s, A* and Ai* algorithms. The Ai*
algorithm is a modification of A* algorithm which, as a heuristic, uses an integer approximation of
the distance from a distance map constructed using 8-direction propagation method. The usage of
integer approximation causes a maximum error of distance estimation of about 8 percent.
The comparison of times necessary to plan the path was performed stepwise on square maps of
50×50 to 600×600 cells. In several series, the start and goal points were set, for a path planned by
means of case-based reasoning to be placed between them. The results of CBR planning are shown
for case graphs with 1000, 2000 and 3000 vertices (Fig. 3).
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Fig. 3. Planning times
We can see that the time spent by alternative planning methods is significantly increasing. By
contrast, it is obvious that the speed of planning by CBR is influenced by the map size only
insignificantly. Above all, it depends on the number of vertices and edges of the case graph. It is
useful to set a certain limit on the vertex count for a particular map size. In principle, this limit
guarantees an almost constant planning time.
Graph algorithms can surely find the best path available, but, at the cost of a slight deterioration
in the quality of the proposed paths, significantly faster planning times are achieved by CBR. At a
five-percent coverage of the environment 200×200 by the case graph vertices, the deviation of costs
is about 15 percent of the ideal costs obtained by Dijkstra’s algorithm. At a ten-percent coverage of
the map, the deviation drops below 10 percent and, at 15 percent coverage, even below 5 percent of
the best costs obtained.

The frequency of the case-based reasoning method usage depends on the coverage of the
environment by the case graph. Results of this test imply that, already with approximately 6 percent
of the cells being occupied by vertices of the case graph, it is possible to plan about 50 percent of
the paths by case-based reasoning. With ten-percent coverage, there will be as much as 75 percent
of successful plans and, with a fifteen-percent coverage, 90 percent of the paths may be planned by
case-based reasoning.
5

Conclusions

The paper is concerned with the possibilities of using CBR for autonomous mobile robot
navigation. A review of CBR approaches has been presented for the main types of navigation
problems including global and local navigation and integrated hierarchical systems.
The main attention has been paid to the problem of path planning in a rectangular grid of cells
with given known obstacles where the motion is restricted to horizontal, vertical and diagonal
directions. We have suggested improving the path planning method from [5, 6] by decomposing
successfully traversed paths to linear segments representing cases. The resulting case graph can be
used for retrieving and adapting paths similar to a given problem. The proposed system was
implemented and also equipped with several graph algorithms to support a CBR path-planning
method. The experimental results obtained demonstrate a significant shortening of the planning
time resulting from the use of the proposed CBR path planning method at the cost of a slight
deterioration in the quality of the proposed paths.
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