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There are nodes and edges in a topological map. Node 
data has been used as a main source of information for the 
localization of mobile robots. In contrast, edge data is 
regarded as a minor source of information, and it has been 
used in an intuitive and heuristic way. However, edge data 
also can be used as a good source of information and 
provide a way to use edge data efficiently. For that 
purpose, we define a data format which describes the 
shape of an edge. This format is called local generalized 
Voronoi graph’s angle (LGA). However, the LGA is 
constituted of too many samples; therefore, real time 
localization cannot be performed. To reduce the number 
of samples, we propose a compression method which 
utilizes wavelet transformation. This method abstracts the 
LGA by key factors using far fewer samples than the LGA. 
Experiments show that the LGA accurately describes the 
shape of the edges and that the key factors preserve most 
information of the LGA while reducing the number of 
samples. 
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I. Introduction 

The interior of a large well-structured building, such as a 
hospital, consists of many corridors and junctions. The 
topological map which is an abstraction of an environment is a 
good tool for the representation of large buildings as shown in 
Fig. 1. This map is made up of nodes and edges. Here, nodes 
represent topologically meaningful places, such as junctions. 
The edges describe corridors that connect two nodes.  

In the topological map, the nodes have distinctive features. 
Researchers have developed many localization algorithms [1]-
[5] that utilize the node information. In contrast, edge data is 
not rich in comparison to node information. For this reason, 
there have been relatively few studies that utilize edge 
information. In the vision research community, significant  
results [6]-[16] concerning edge information have been 
reported. However, the foci of these reports are on robust edge 
detection, an edge matching technique after a shift or rotation 
of an image, edge data learning, and so on. These topics do not 
have a meaningful relationship in utilizing edges for robot 
localization because edge data in localization represents 
corridor-like environments, while that of the edge in vision 
research is a series of distinct points in images.  

In robotics research, Nagatani and others [17] used edge 
information for localization in a topological map. They used 
the length, shape, and area of an edge. Similarly, Kruusmaa 
[18] utilized the shape of the edge as an aid for navigation in a 
dynamic environment. Kuipers and others [19] also utilized 
edge information, but they used it only to acquire the number 
and the direction of emanating edges.  

In a similar approach, we propose an efficient representation 
method for edge shapes. For that purpose, we consider three 
subjects. First, we define a data format for edge representation.  
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Fig. 1. Maps of the interior of a large building: (a) CAD map and
(b) a corresponding topological map. In our approach, we
use a hybrid map where only hallways are represented by
the topological map. Other spaces such as rooms are
modeled by local metric maps to describe the layout of the
area in detail. 
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Fig. 2. Example of a GVG path from node A to node B along a
corridor. Note that the objects on the side walls (the chair
and vending machine) change the shape of the GVG. 
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In general, a corridor which corresponds to an edge in a 
topological map can be represented by a 2-dimensional (2D) 
grid map which is an accumulation of sensor data around a 
robot. However, it is not efficient to use a 2D grid map for 

localization. There are many edges in a large building and the 
use of a 2D grid map itself causes a heavy computational 
burden. 

In this paper, we suggest a method to describe the edge as a 
series of points (one-dimensional). This method uses the 
generalized Voronoi graph (GVG) [20]. The nodes of this 
graph correspond to points that are equidistant to more than 
three objects. The edges consist of points that are equidistant to 
two obstacles (see Fig. 2). The GVG can be extracted from 
sensor data [21] and corresponds to a path through the center of 
a corridor. The GVG contains meaningful information about 
the outlines of side walls. For example, the contours of a chair, 
a vending machine, hollow spaces in front of a stock room, and 
a laboratory are expressed in the GVG (see Fig. 2). We slightly 
modify the GVG by differentiation and coordinate 
transformation. We call this modified GVG a local GVG’s 
angle (LGA). 

We also propose an efficient compression method which 
enables real time calculation for the LGA. For that purpose, we 
suggest key factors which describe the characteristics of the 
LGA in a condensed form. For the extraction of key factors, we 
adopt wavelet transformation [22]-[24], which is one of the 
most efficient compression tools.  

In addition, we present a comparison method for two edge 
shapes, the results of which can be used for the localization. In 
the comparison, however, there is a problem because the 
numbers of samples from the two shapes are different. To 
alleviate this problem, the dynamic time warping algorithm 
[25], [26], which is fairly effective and widely used as a tool for 
comparison of two different time series, is adopted. 

Two kinds of experiments were performed. First, a 
performance analysis was conducted for a total of 30 edges 
with obstacles within them. In this experiment, we 
demonstrated that the LGA accurately describes the shape of 
edges. However, it took 516.9 seconds for the calculation 
because of the large number of samples in the LGA. The key 
factors reduced the number of samples by 96.1% while 
preserving more than 95% of the information of the LGA. The 
comparison with the key factors was accomplished within a 
second. However, the discrimination performance was 
degraded by 21.4%. Second, the proposed method was tested 
in a real environment within the hierarchical atlas framework 
[27]. This experiment demonstrated that the additional use of 
the LGA increases the performance by 1.7 times and that the 
key factor is a very efficient compression method for the LGA.  

This paper is organized as follows. The LGA is defined in 
section II. A compression method using the wavelet 
transformation is given in section III. A method for comparison 
between two edges is explained in section IV. Two sets of 
experiments are presented in section V and section VI, 
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respectively and the conclusion follows. 

II. Edge Representation 

The edge data consists of the length, area, and shape of an 
edge. Note that the length, area, and shape of an edge 
correspond to those of a corridor in the real environment. These 
three parts can be assumed to be independent. With this 
assumption, we define an edge probability (Pedge) as the 
probability of two edge representations belonging to the same 
edge. It can be written as 

( , ) ( , ) ( , ) ( , ),edge length area shapeP E E P L L P A A P S Sα β α β α β α β= × ×

(1) 

where Plength (a, b), Parea(a, b), and Pshape(a, b) are probabilities 
that the length, the area, and the shape of a and b will be the 
same. The variables L, A, and S denote the length, area, and 
shape of an edge E, respectively.  

Here, Plength and Parea are simply calculated [17] by the 
differences in length and area for two edges as 

1( , ) ,length B
B

P L L
L Lα

α

⎛ ⎞
= ⎜ ⎟⎜ ⎟−⎝ ⎠
Ν            (2) 

1( , ) ,area B
B

P A A
A Aα

α

⎛ ⎞
= ⎜ ⎟⎜ ⎟−⎝ ⎠
N            (3) 

where N(·) is a normalization function. 
In contrast, Pshape cannot be acquired by simple algebraic 

calculations. In our studies, we focus on the shape and suggest 
a systematic and efficient way to calculate Pshape.  

For that purpose, a data format for the representation of the 
shape needs to be defined. The general form of an edge is a 2D 
grid map. It is not efficient to use the grid map itself. One good 
choice is the GVG [20] which contains the unique features of 
an edge (see Fig. 2). This graph can be acquired by storing 
odometry data of a robot that moves along the GVG. 

We modified the GVG for the following reasons. First, the 
GVG is a set of points which is also 2-dimensional data 
(position x and y). To reduce the dimensions, we use the 
tangential angles of the GVG. If an angle is acquired for the 
same time intervals, the shape of the GVG can be fully 
recovered because all information of the shape is contained in 
the angle. Second, the angle should not be described with 
respect to a global coordinate system. Let us assume that a 
robot started at point S and reached node α (Nα) as in Fig. 3(a). 
Also, let us assume that the starting angle of the GVG from N 

to N is 90° with respect to the global coordinate system. Here, 
the real angle should be 90° at the start node N. However, the 

 

Fig. 3. Illustration of the LGA: (a) A robot had navigated from S 
to node N= through the shaded path. (b) The angle of the
GVG (denoted by θ) is affected by accumulated errors. 
Thus, the angle is represented with respect to (c) a local 
coordinate system whose direction of the x-coordinate is 
parallel to the heading angle of the robot at the start node, 
and this angle is called (d) an LGA. 

S 

Nα
X global

Y global
90°

Nβ

time

90° 

θ 

Accumulated errors

(a) (b)

Ylocal

Xlocal

Nα Nβ 
(c)

LGA 

time
0° 

(d)

 
robot does not record it as 90° because of accumulated errors 
during its travel from S to N (see Fig. 3(b)). Thus, it is good to 
describe the angle of the GVG not with respect to the global 
coordinate system, but with respect to a local coordinate 
system (see Fig. 3(c)) whose direction of the x-coordinate is 
parallel to the heading angle of the robot at the start node. 

Therefore, we describe an edge by using a set of angles of a 
GVG with respect to the local coordinate system and call it the 
LGA. Note that the initial value of the LGA is always zero as 
shown in Fig. 3(d). 

III. Edge Data Compression 

In the previous section, we proposed the LGA for the 
expression of the shape of edges. The LGA, however, may 
contain a large number of samples in itself because, in general, 
the GVG data is recorded for every control step during the 
movement of a robot. For example, if a robot is controlled with 
a frequency of 100 Hz and with a speed of 0.25 m/sec, an edge 
with a length of 10 m is described by an LGA with 4,000 
samples.  

With the large number of samples, the calculation of the 
edge probability cannot be performed in real time. Thus, we 
suggest an LGA compression method which adopts wavelet 
transformation [22], [23], a powerful condensation tool. The 
wavelet transformation decomposes an original signal into 
two parts, a high frequency part and a low frequency part. 
This procedure is repeatedly applied to an original signal 
(A[0]), and a hierarchical decomposition, as in (4) and Fig. 4, 
is generated. 
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Fig. 4. Hierarchical decomposition of the wavelet transformation.
An original signal (A[0]) is decomposed into its low (A[1]) 
and high (D[1]) frequency part. 

A[0]: original signal 

A[1]: 1st approximation 
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Here, [ ]A α is the low frequency part of [ 1]A α −  (the 
approximation of level α) and D[α] is the high frequency part of 
A[α−1] (the details of level α).  

In a conventional compression, the coefficients of the details 
are cut off by a global threshold or by the balance sparsity 
norm [28]. This conventional approach, however, cannot be 
used in our case because this method needs a decoding 
procedure, namely, reconstructing the original signal using the 
approximations and details. This decoding procedure adds 
another calculation burden. 

In this paper, we propose a method that uses the wavelet 
transformation without the decoding procedure. Before going 
further, let us define a retained energy (Er) [28] for the 
approximation of level α (A[α]) with respect to the original 
signal (A[0]). It denotes for the remaining energy after an 
approximation and is expressed by a ratio of summations as 
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            (5) 

where #(A) is the number of samples in A, and Ai is an i-th 

 

Fig. 5. Retained energy of A[α] is decreased as the level of
decomposition (α) increases. The amount of energy 
distribution is exaggerated in this figure for the sake of 
readability. 
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Fig. 6. Procedures of extract micro key factors: (a) all values of 
D[β] are represented as points and (b) we normalize them 
along the x-direction. Then, we calculate (c) the positive 
and (d) the negative micro key factors by averaging them.
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element in A.  

The retained energy of A[α] decreases as the level of 
decomposition (α) increases as shown in Fig. 5. If we select 
A[α] whose retained energy is larger than 95%, we can preserve 
most of the information of the original signal while reducing 
the number of samples by 2α times. To reduce as many 
samples as possible, it is good to take the largest α (denote it as 
α*) whose approximation of that level (A[α∗]) contains more 
than an energy of 95%. Here, A[α∗] represents the overall shape 
of an edge called the macro key factors. 

Now, an energy less than 5% is contained in D[1],…, D[α∗] 

(denoted as D[1:α∗]). There are many samples in D[1:α∗]
 even 

though the contained energy is less than 5%. Therefore, it is 
efficient to abstract D[1:α∗] in a simple form. For that purpose, 
we define the micro key factors whose extraction procedures 
are as follows: 

 
Step 1. Select a level β between 1 and α*. 
Step 2. Represent all values of D[β] as points (see Fig. 6(a)). 
Step 3. Normalize the values along the x-coordinate with 

respect to the largest one (see Fig. 6(b)). This 
normalization eliminates the effect of the edge length. 
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Step 4. Calculate the positive average ( , )avg avgx y+ + for points 
whose y values are larger than 0 (see Fig. 6(c)). 

Step 5. Calculate the negative average ( , )avg avgx y− − for points 
whose y values are smaller than 0 (see Fig. 6(d)). 

Step 6. Repeat steps 1 to 5 for all βs between 1 and α*. 
 
Physically, the micro key factors are the averages for positive 

and negative values of D[β]. The magnitude, the direction, and 
the location of details are implicitly contained in the micro key 
factors with an intensive abstraction. For example, Fig. 7 
shows that the micro key factors indicate the differences in 
magnitude, direction, and location of the details. In summary, 
we have defined the macro and the micro key factors to 
compress the LGA. One LGA is expressed by macro and 
micro key factors. The macro key factors are sample values in 
an approximation of the level α∗(A[α∗]). These macro key 
factors reveal the overall shape of the original signal. The 
number of samples of the macro key factors is #(A[0])/2α∗

 . 
The micro key factors abstract the magnitude, direction, and 

location of the details of D[1: α∗]. The number of samples in the 
micro key factors is 4×α∗. Therefore, the total number of 
samples in the key factors is given as 

[0] [0]#( ) #( )4 * .
2 2
A A
α αα∗ ∗+ ≈             (6) 

Thus, the number of samples in A[0] is condensed by 
approximately 2α∗ times. 

Note that this method does not hold if the retained energy of 
 

 

Fig. 7. Abstraction of micro key factors: (a), (b) the magnitude,
(c), (d) direction, and (e), (f) location of details.  
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A[1] is less than 95% because we cannot define the macro key 
factor. However, a time series from the navigation of mobile 
robots contains many high frequency parts with low energy, 
and thus, in general, α* is set as a value larger than 4.  

IV. The Edge Comparison Method 

Both the LGA and the key factors are one-dimensional time 
series. There are two problems in comparing these sets of data. 
First, the sample numbers of the time series are different. This 
means that a direct comparison in a one-to-one manner cannot 
be performed. Second, there are nonlinear distortions in the 
time series. For example, if a robot moves through the same 
edge twice, the robot records two slightly different sets of data 
because of sensor noise, controller sensitivity, and so on (see 
Fig. 8). 

The dynamic time warping (DTW) algorithm [25], [26] is 
fairly effective in alleviating these problems. The DTW 
algorithm searches for a path which gives rise to the lowest 
distortion between two time series while minimizing the 
amount of computation (see Fig. 9). The overall distortion is 
acquired by the DTW algorithm. It can be used for the 
 

 

Fig. 8. Robot moves through the same edge twice but records 
slightly different data because of sensor noise, controller 
sensitivity, and so on. 
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Fig. 10. For the calculation of the probability, (a) an LGA of the
i-th edge is compared to the LGAs in the database in a
one-to-one manner, and (b) this comparison yields a set
of probabilities which is called “a probability class.” 

i-th 
LGA 

30 comparison 
• • •  • • •  

1st 
LGA 

i-th 
LGA 

30th 
LGA 

(a)

1 2 3 i 29 3028 
Edge number

100%

50%

Probability 

(b)

• • •  • • •  

Database 

• • •  • • •  

 
 
calculation of the probability from the shape of edges as 
follows. First, a robot navigates all edges in the topological 
map to make an LGA database. Then, the robot moves again 
through an edge, and an LGA is extracted. This LGA is 
compared to the LGAs in the database in a one-to-one manner 
using the DTW (see Fig. 10(a)). This comparison yields a set 
of probabilities called a probability class (see Fig. 10(b)). 

The probability for a candidate LGA (LGAcan) to be the i-th 
LGA in the database (LGAi) is 

1( ) ,
( , )i can i

can i

P LGA LGA
DTW LGW LGA

⎛ ⎞
= = ⎜ ⎟

⎝ ⎠
N    (7) 

where DTW(·,·) denotes the overall distortion calculated by the 
DTW. 

Unfortunately, (7) cannot be used for the key factors. Recall 
that the data size of the macro key factors is different while those 
of the micro key factors are not. Thus, the DTW algorithm and a 
direct comparison are used for the macro and the micro key 
factors, respectively. The probability equation of the candidate 
macro and micro key factors, (Macan, Mican), to be the j-th macro 
and micro key factors in the database, (Maj, Mij), is 

*

1

(( , ) ( , ))

0.95 0.95 ,
( , )

j can can j j

can j can j

P Ma Mi Ma Mi

DTW Ma Ma Mi Mi
α

=

⎛ ⎞
⎜ ⎟= +⎜ ⎟⎜ ⎟−⎝ ⎠

N

     (8) 

where *

1

α
⋅ denotes the sum of absolute differences of the 

micro key factors from level 1 to α∗. Note that we scale the 
values from the macro and the micro key factors by 0.95 and 
0.05 because an energy of more than 95% is contained in the 
macro key factors. 

V. Analysis Using Varying Edge Data 

Experiments were performed to validate the performance of 
our proposed algorithm. As mentioned before, our method only 
considers the probability from the shape of edges. Therefore we 
selected edges with the same length and the same area in our 
experiments. For the comparison of edges with varying lengths 
(or areas), the difference of the lengths (or areas) can be used to 
get the probability of the length (or area) in (1).  

There are two objectives in this experiment. The first 
objective is to identify whether the LGA describes the shape of 
edges well or not. The second objective is to observe whether 
the key factors effectively compresses the LGA while 
maintaining the information of the shape. 

1. The Performance of the LGA  

A. Procedures of the Experiments  

As shown in Fig. 11(a), 30 edges with various obstacles were 
used in this test. The locations and sizes of obstacles were set to 
be different to provide a unique feature to an edge. A robot with 
two laser scanners (see Fig. 12) moved along the GVG and 
generated initial maps shown in Fig. 11(b). The LGAs, 
extracted from the GVGs, were stored in a database.  

Then, the robot moved again through the i-th edge, and the 
 

 

Fig. 11. Edges with various obstacles: (a) schematic diagrams of 
30 edges and (b) real maps. 
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Fig. 12. Mobile robot used for the experiments. This robot has a
differential drive type wheel base and is equipped with
two laser scanners.  

 

 

Fig. 13. Largest and second largest probabilities in the probability
classes from all LGAs. 
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i-th LGA was extracted. A probability class for the i-th edge 
was calculated with the i-th LGA and the database using (7). 
These procedures were repeated for all i =1, ··· , 30. A total of 
30 probability classes were acquired.  

B. Largest and Second Largest Probability  

We selected the largest (Lst) and the second largest (SLst) 
values from each probability class (see Fig. 13). The average of 
the sum of the Lst and the SLst was 50.2%. The other 28 
probabilities shared the remaining 49.8% with an average of 
1.66% (=49.8/28). Therefore, we only considered the Lst and 
the SLst. Here, we define a decision ratio as a value of the Lst 
over the SLst which can be used to determine whether a 
probability class has one distinctive value. Intuitively, if a 
decision ratio is larger than 1.5 (that is, if the Lst is higher than 
the SLst by 1.5 times), we can say that the probability class has 
one distinctive value.  

In our experiments, a total of 28 probability classes showed  

 

Fig. 14. Decision ratios of the probability classes from the LGAs.
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Fig. 15. Number of samples in an LGA. 
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decision ratios of more than a value of 1.5 (see Fig. 14). The Lst 
values of these classes were acquired from a comparison 
between a candidate edge Eα and the Eα in the database. The 
average of the decision ratios was 9.54 which can be 
interpreted as being very distinctive.  

C. Data Size and Calculation Time  

For precise navigation along the GVG, the robot was controlled 
with a control frequency of 50 Hz and with a speed of 0.2 m/sec. 
The GVG path was recorded for every control step. The average 
number of samples for an edge is 2,664 (see Fig. 15).  

The average time in acquiring one probability class (that is, 
30 comparisons using the DTW algorithm) was 516.9 seconds 
in a computer with 3.2 GHz CPU and 1.0 GB memory (see Fig. 
16). It took a long time because of the algorithm complexity of 
O(N2) of the DTW. Therefore, the LGA needs to be 
compressed. The following subsection addresses this problem.  

2. The Performance of the Key Factors  

For real time implementation, the macro and micro key  
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Fig. 16. Calculation times with key factors. 
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Fig. 17. Number of samples in key factors. 
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factors are used as condensed forms of the LGAs. Naturally, 
we expect that there may be advantages in the calculation time 
and memory requirement, as well as disadvantages in the 
performance of edge discrimination. These merits and demerits 
can be addressed in terms of the following questions.  

1. How much memory is saved?  
2. How much is the calculation time reduced?  
3. How are the Lst and SLst changed?  
4. How are the decision values varied?  

A. Reduction in Memory Requirement  

The macro and micro key factors are acquired for α* =5. The 
average numbers of samples of the macro and micro key 
factors are 84 and 20 (see Fig. 17) while that of the LGA is 
2,664. Thus, the memory requirement is reduced by 96.1%.  

B. Reduction in the Calculation Time  

With the LGA, it takes 516.9 seconds to calculate a 
probability class while the same calculation takes only 0.69  

Table 1. Probabilities from the LGA and from the key factor. 

From the LGA (%) From the key factor (%)
Probability

Lst SLst Lst SLst 

Maximum 93.05 35.49 44.56 23.59 

Average 40.62 9.54 23.77 9.19 

Minimum 7.68 1.06 9.30 3.55 

 

 

Fig. 18. Calculation times with key factors. 
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Fig. 19. Largest and the second largest probabilities in the 
probability classes from all key factors. 
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seconds with the key factors (see Fig. 18). The reason is that 
the DTW uses 2,664 samples of the LGA, while it utilizes only 
84 samples of the macro key factors.  

The calculation time is reduced by 99.9%, which is the same 
as the reduction ratio of the square of samples (1-842/26642), 
because the algorithm complexity is O(N2).  

C. Probabilities for the Lst and SLst 

Figure 19 shows the Lst and SLst of the probability classes 
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from the key factors. Table 1 compares the Lst and SLst values 
from the LGA and from the key factors. The average of the Lst 
from the key factors is reduced by 41.5%, while that of the SLst 
is decreased by 3.7%. The decreased portion of the Lst is 
distributed to all other edges by a similar quantity. For example, 
the probability classes from the LGA and from the key factor 
for edge 28 (whose Lst and SLst are close to the averages) are 
plotted in Fig. 20. Here, we identify that the decreased portion 
of the Lst is distributed to the other 29 edges. In other words, the 
compression blurs the probabilities; thus, it decreases the 
highest one and increases the others.  

This phenomenon is observed for all other probability 
classes. Thus, it does not have a serious effect on selecting the 
Lst. Therefore, even though the Lst values are decreased, all of 
them are acquired from the correctly matched edge.  
 

 

Fig. 20. Probability classes from the LGA and from the key factor
for edge 28. 
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Fig. 21. Decision ratios of the probability classes from the key
factors. 
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Table 2. Decision ratios from the LGA and from the key factors. 

Decision ratio From the LGA From the key factor

Maximum 87.78 9.61 

Average 9.54 3.35 

Minimum 1.00 1.13 

 

D. Decision Ratio  

Because compression blurs the probabilities, it is natural that 
the decision ratios are decreased. The ratios from the key 
factors are shown in Fig. 21. Table 2 shows the ratio values 
from both the LGA and the key factors.  

As shown in Table 2, the average of the decision ratios from 
the LGA is 9.54, while that from the key factor is 3.35. Also, 
the number of edges whose decision ratio is larger than 1.5 is 
28 for the LGA and 22 for the key factors (see Figs. 14 and 21). 
Therefore, we can say that the discrimination performance of 
the key factor is degraded by approximately 21.4% (1-22/28) 
as opposed to that of the LGA.  

VI. Navigation Experiment  

For further validation, a navigation experiment was 
performed in a large building with 6 nodes (see Fig. 22). The 
proposed method was applied to the hierarchical atlas 
framework [27] which has two levels. At the highest level, a 
topological map organizes the free space into submaps at the 
lower level. The lower-level submaps are a collection of 
features [27]. In our experiment, we used the LGA and the key 
factors as the submap.  

First, the mobile robot shown in Fig. 12 traveled the entire 
space to collect reference edge data. A total of 14 reference 
LGAs and 6 node signatures were acquired. The map 
generated during this travel is shown in Fig. 23. Note that the 
map was distorted because of odometry errors. During the 
collection of the reference LGAs, the departure angle which 
corresponds to the robot’s heading direction when it leaves a 
node should be carefully selected. For that purpose, one can 
 

 

Fig. 22. Schematic map of a large building with 6 nodes (N1-N6).
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Fig. 23. Map generated during the navigation experiment.  
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Fig. 24. Current probabilities for three cases: (1) use of node
signatures only, (2) node and LGAs, and (3) node and
key factors. 
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use artificial landmarks such as StarLITE [29] or StarGazer 
[30] which provide accurate heading information. We 
manually set the departure angle parallel to the corridor in this 
experiment.  

With the reference data, the robot traveled 488.0 m for 45 
minutes with a velocity of 0.35 m/sec. During this navigation, 
the robot visited a total of 12 nodes. Within the hierarchical 
atlas framework, the current probability, which is the 
probability of the robot to be located in the current position, 
was calculated for three cases (see Fig. 24): use of node 
signatures only, node and LGAs, and node and key factors. In 
general, the current probability is calculated using all 
accumulated sensor data. Thus, as the robot travels, the current 
probability also increases. In this case, it is hard to observe the 
effect of the addition of the edge information because both the 
accumulated sensor data and the addition of the edge 
information increase the current probability.  

To alleviate this problem, the current probability was 
calculated using the node signatures at the current time and the 
information from the edges that the robot just traveled past. The 
node signatures that we used were the number of the 
emanating edges and the distance sensor data for 360° with a 
resolution of 1°. We intentionally excluded the odometric 
information because it belongs to the accumulated sensor data.  

Note that the current probabilities noticeably increase with 
the use of nodes and LGAs compared to the usage of node 
signatures only. The performance is increased by 1.79 times 
because the average of the current probabilities with LGAs is 
47.9% while that with node signatures is 26.7%. In this case, 
however, the average calculation time for each visit to a node is 
826.35 seconds which is too long for real time calculation. If 
the key factors were used instead of the LGAs, the calculation 
time was greatly reduced to 0.91 seconds while the current 
probabilities were slightly decreased.  

From these results, we can say that the LGA describes the 
edge shapes well and that the use of key factors is an efficient 

compression method for the LGA.  

VII. Conclusion  

In this paper, we described a method to efficiently represent 
edge shapes. First, a data format, the LGA, was defined to 
describe the shape of edges. However, the LGA used a large 
number of samples; thus, real time localization could not be 
performed.  

To alleviate this problem, a compression method which 
utilizes wavelet transformation was proposed. The method 
abstracts the LGA by key factors using far fewer samples than 
the LGA. Also, dynamic time warping was adopted for the 
matching of edges whose numbers of samples were different.  

Two experiments were performed. In the first experiment, it 
was shown that the LGA accurately described the shape of 
edges. However, it took a long time (516.9 seconds) for the 
calculation because of the large number of samples in the LGA. 
The key factors reduced the number of samples by 96.1% 
while preserving more than 95% of the information of the 
LGA. The comparison with the key factors took less than a 
second with slightly degraded discrimination performance.  

The second experiment was performed by applying the 
proposed method to a navigation framework. This experiment 
showed that the localization performance was increased by 
1.79 times with the use of LGAs. If key factors were used 
instead of LGAs, the calculation time was reduced to 0.91 
seconds while current probabilities were slightly decreased.  

The proposed method presumes a static environment. In the 
future, we will extend the method so that it can be used for the 
localization algorithm in dynamic environments.  
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