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Map Merging in the Context of Image Processing

lize Andersone, Riga Technical University

Abstract - The area of map merging is tightly connected to the
area of image processing. Usually metric maps created by robots
are represented as occupancy grids. It is easy to apply algorithms
used in image processing to this kind of map representation. The
image processing subfield that is closest to the map merging is the
image registration. It can be assumed that metric map merging
methods similarly to the image registration methods consist of
three components: feature space, search strategy and similarity
metric. Algorithms from image processing can also be used in
map merging for map preprocessing. The goal of this paper is to
explore similarities between the fields of map merging and image
processing and to determine how the results of this research can
be used for the development of a map merging framework and
consequently new map merging approaches.
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l. INTRODUCTION

One of the fundamental problems in mobile robotics is the
environment mapping problem. Robots need to be able to
construct a map of the environment and to use it for
navigation. As the use of robot teams becomes more and
more popular, the issue of robot coordination becomes
important. If multiple robots are used for the exploration of the
environment, their collected information has to be fused into
one general global map. The fusion of the map information
from multiple robots into one global map is called map
merging [1].

The problem of map merging is not a simple one. Different
robot teams use different map representations. The most
popular map representations used in robotic mapping are
topological maps and metric maps. Topological maps are the
connectivity graphs where vertices represent the objects of the
environment and edges represent the paths between those
objects [1]. Metric maps represent the environment as a set of
geometric information acquired from the sensor measurements
[2]. Each of these representations requires a different map
merging approach. It is more complicated to merge metric
maps because no additional structural information is available.

Besides the map representation the knowledge about the
reference frames of the robots must be taken into account. If
each robot knows the location of the other robots the map
merging problem can be solved relatively easily. This is called
distributed mapping [3]. The map merging is harder to
implement when the reference frames of the robots are
unknown. In this case the overlap of the maps is not known
and it may not even exist [2]. In this paper only the case of
merging metric maps in unknown reference frames is
considered.

The most popular representation of a metric map is an
occupancy grid [4]. Occupancy grid is an array where the
occupancy value of each cell represents whether the location it
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relates to is a free space or an obstacle [5]. The occupancy
grids can be thought of as images where the occupancy value
is represented by a color [3]. The occupancy grid can also be
seen as a grayscale image where each cell carries only
intensity information.

The similarity between occupancy grids and images
suggests that occupancy grids can be processed similarly to
the images i.e. by using image processing algorithms. In the
image processing context the map merging problem can be
defined as the overlapping of two or more images where the
images are grayscale and no information about the relative
reference frames of the images is available.

The goal of this paper is to explore similarities between the
fields of map merging and image processing and to determine
how the results of this research can be used for a map merging
framework and consequently the development of new map
merging approaches.

The structure of this paper is as follows. At first the related
work is discussed in chapter Il. Then the image processing and
specifically image registration is considered in the chapter IlI.
In chapter IV the map merging is analyzed in the context of
image processing. In chapter V the importance of image and
map preprocessing is emphasized and three preprocessing
methods examined. Chapter VI shows how the inferences
acquired in the previous chapters can be used to design a map
merging framework and the prototype of this framework is
introduced. Finally, the conclusions are drawn and possible
future work defined.

Il.RELATED WORK

Robot teams originated in late 1980s [6], however only
during the last ten years has the multi-robot mapping question
been intensively studied. This may be due to the fact that,
although robot teams offer multiple advantages over single
robot platforms, several new problems, specific to the multi-
robot mapping, arise [7].

As Konolige et al notes “map merging is an interesting and
difficult problem, which has not enjoyed the same attention
that localization and map building have” [1]. Although several
years have passed since this statement was made and the map
merging problem has received more attention, most of the
published papers on the matter are descriptions of specific
map merging methods.

There are several authors who have become acquainted with
and shortly described the situation in the map merging
research area [1], [3], [9], [10], [11]. The authors who have
addressed the map merging in the image processing context
most are Birk and Carpin in [3]. They point out that map
merging in the context of image processing is the problem of
moving one of the images around until a part of it is aligned
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with a similar part in another image. This problem is harder
than that of image registration because the region of overlap is
unknown and has to be identified in two maps. Although this
problem is also present in the image stitching, the occupancy
grids lack rich textures that are common in photographs.

However, there are no papers where map merging is
comprehensively analyzed in the image processing context.
No authors have tried to develop a map merging framework
that would help in the development and research of the map
merging methods.

I1l. IMAGE REGISTRATION

The goal of image processing is to interpret the images and
acquire some previously unknown information [12]. Image
processing has many subfields and a lot of vastly different
applications [12]. However, not all image processing subfields
can be directly related to the task of map merging.

A crucial step of any image processing task that combines
the final information from various data sources is the image
registration [13]. Image registration is the process where
several images of the same place that are taken at different
time, from different viewpoints and with different sensors are
overlapped [13]. It can be assumed that all image registration
methods consist of three components [14] (Fig. 1):

o [eature space,
e Search strategy,
e Similarity metric.

The feature space is the collection of features in the image
that are used for image comparison. The search strategy
chooses the strategy accordingly to image deformations.
Usually the information source in searching is the collection of
features. The similarity metric determines the successfulness
of the transformation [14].

It can be seen that feature identification is an important part
of image registration. However, if the environment the robots
have mapped is unstructured, then the identification of the
features is considerably more complicated. Unstructured
environments are characterised by the lack of features of one
type. It does not mean that it is impossible to identify any
features in the maps in unstructured environments. Such maps
can be interpreted as images, too, and it is possible to identify
objects in them. The main problem is that the types of the
objects in the environment are not known.

Feature space

A J Similarity
¥ metric

Search strategy

Fig. 1. The components of the image registration and map merging methods

IV. MAP MERGING COMPONENTS

The essence of the map merging task is the combination of
two local maps into one global map. It is easy to relate the
map merging problem to image registration task if two robots
are considered to be independent data sources and their local
maps — images. The occupancy grid can be seen as a grayscale
image where each cell carries only intensity information.

It is easy to adapt algorithms used in image processing for
the occupancy grid map representation. As map merging and
image registration methods have so many similarities, it can
be assumed that metric map merging methods similarly to
image registration methods consist of three components:
feature space, search strategy and similarity metric (Fig. 1).
Similarity metric is an independent component that can be
adjusted to any map merging approach. On the contrary,
feature space and search strategy are often tightly
interconnected.

Like image registration methods all map merging methods
compute potential map transformations and overlap the maps
based on these transformations. Not all map merging methods
search for specific objects in the maps. Nevertheless all of
them use some local and global information about maps to be
merged. It is necessary to analyze the maps and acquire some
additional information as the transformation space can be very
large and the evaluation of all possible transformations can
take a very long time.

A. Feature space

Different feature spaces can be utilized for the merging of
metric maps. Konolige was one of the first researchers who
proposed to use features for the map merging [8]. His proposal
was to manually mark objects in the maps and use those
objects for the purpose of the map merging. It is obvious that
such approach is not applicable if a robot team is attempting to
create the map of the environment autonomously.

Amigoni in [10] uses angles between segments as a feature
space. However, a specific type of maps is required in this
case. Ho [11] supplements the maps with visual information
from a video camera during the mapping so that the maps are
easier to merge later. Lakaemper modifies the maps so that
they contain only simple lines [15]. These lines are then used
as a feature space for map merging. Carpin uses the Hough
spectrum in map merging [16]. The Hough spectrum is able to
tell which directions of lines are the most common in the
maps.

All of these feature spaces can be helpful in acquiring the
global map faster. Nevertheless all of them also possess some
flaws. Some of them [10], [11] require a specific type of maps
that are not always available. Others [10], [15], [16] require a
lot of straight lines in the maps for the map merging approach
to be effective.

There is a map merging approach that is able to merge
occupancy grid maps and does not require a specific
environment. Birk and Carpin in [17] and [3] use an image
similarity heuristic as a feature space. The main disadvantage
of this approach is that the feature space has to be computed in
each iteration and therefore the time required for the map

125



Scientific Journal of Riga Technical University
Computer Science. Applied Computer Systems

merging rapidly grows when the maps become larger. Also it
is easy for the search algorithm to get stuck in a local
maximum while using this feature space.

The current situation in the field of metric map merging
shows that the choice of the feature space is still a problem.
No single approach is applicable to every situation. All feature
spaces currently used in map merging can be divided into two
groups:

o Local feature spaces — objects (edges, lines, corners
etc.) are identified in the maps and used for map
merging [15], [10].

e Global feature spaces — global information
(specters, image similarity metrics) about the
maps is acquired and used for map merging [16],
[17].

Both of these feature space groups have been applied to
map merging with some degree of success. No group has
proved to be definitely better than the other.

B. Search strategy

Search strategies used in map merging have one common
characteristic: they are based on the acquired feature space.
For example, search strategy described in [16] is based on
Hough specters acquired from the maps. Between these
specters the correlation is found and consequently the most
promising rotations acquired. Strategy used in [15] is based on
the comparison of specific lines.

The fact is that different search strategies are used for
different search spaces and that means that it is often
impossible to align the feature space and search strategy
components from two different map merging methods.
However, there are cases when such alignment is possible i.e.
when search strategies or feature spaces of both map merging
approaches are similar or easily modified.

C. Similarity metric

The similarity metric determines how successful the map
merging result is. Although the introduction of similarity
metric does not guarantee correctness of the map merging
result, it allows the discarding of the obviously incorrect
transformations.

A very simple similarity metric is proposed by Birk and
Carpin in [3]. At first the occupancy grids are simplified by
changing the occupancy values of their cells to -1 (free), +1
(occupied), or 0 (unknown). The cell value becomes +1 if it is
positive, -1 if it is negative, and remains 0 otherwise. Then the
count of the cells with similar values agr and with different
values dis for the current transformation are acquired. The agr
and dis similarity values for a particular cell agr(x,y) and
dis(x,y) are acquired by (1) and (2) [3].

+1,ifm1(x,y) = m2(x,y)

agr (e, y) :{ 0,if m1(x,y) # m2(x,y) @

126

2011
Volume 47

it l—l,ifml(x,}')-‘-11’2(-“‘3")
HS\X, V) = 0,ifm1(xy) = m2(x,¥) )

The similarity of the maps is acquired by (3) [3].Only cells
with values -1 and +1 are taken into account because only
these cells contain information about the environment.

agr
res —

agr + dis (3)

The value of the result res is a range [0; +1.0] and shows
percentage-wise how many cells of the both maps in the
overlap are equal. If res is low then there are a lot of
differences in the overlapping regions of the maps and the
map merging procedure is a failure. If res is high then the
result of the map merging is probably successful [3].

This similarity metric is simple and it works well when
maps are sufficiently precise and similar. In reality the sensors
of the robots are not perfect and the differences in the maps
are unavoidable [7]. In the occupancy grid map each cell
contains probability of the corresponding area of the
environment being navigable or blocked by obstacle. The
rounding of these probabilities causes the loss of some
information. For example, the difference between -0.2 and
+0.2 is not as significant as the difference between -1 and +1.
In this case the cells -0.2 and +0.2 could actually represent the
same area of the environment and the difference could be
caused by the imperfect sensors of the robots.

This problem can be addressed by introducing a similarity
metric that uses cell probabilities. In this case the values of
agr and dis are computed by using (4) and (5).
+1,if [ m1(x,y) — m2(x,y)| <1

agr(x,y) = { 0,if mi(x,y) —m2(x,y)| =1 4)

. (F1,if Iml(x,y) —m2(xy)| =1
dis(x,y) = { 0,ifIm1(x,y) —m2(x,y)| <1 (5)

Another way to compute the similarity of the maps is to
compare the sets consisting of multiple cells. Such similarity
metric resembles previously described metrics but it is more
resistant to the local inaccuracies of the maps. The average
value is computed for a cell set of each map. Then the
comparison is implemented by using these average values.

V.PREPROCESSING OF THE MAPS

An important requirement for the map merging during the
exploration is to acquire the result as soon as possible [16].
The faster the maps are merged, the greater is the benefit of
using a robot team in the environment exploration. Therefore
the time devoted to map merging should be minimized. The
preprocessing of the maps can potentially reduce the time
required for the map merging. This is especially true when the
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Fig. 2. The process of the map merging. It starts with the map preprocessing
step. Then the transformation is found with the feature space and search
strategy steps. Then the result is verified with similarity metric.

map merging algorithm is iterative, i.e., it processes the same
occupancy grid arrays repeatedly in each step.

It is possible to preprocess robot maps by using techniques
from the field of image processing. Usually image
preprocessing is applied to decrease the time required for
further procession or to improve the quality of the result. In
this chapter three approaches — the reduction of the map size,
edge detection and map alignment — are considered. Fig. 2
depicts the process of map merging together with the map
preprocessing step.

It must be noted that techniques described further are not
the only ones that can be used for map preprocessing. There
are also other ways, e.g., line simplification introduced in [15].
However, it is impossible to look closely at all the possible
techniques in one article.

A. The reduction of the map size

The reduction of the map size is one possible way to reduce
total time that is necessary for the map merging procedure.
There is a significant difference whether 1000*1000=1000000
cells or 500*500=250000 cells have to be processed. In the
latter case there are four times less cells than in the first case.
Some map merging methods (e.g., [3]) process the maps
multiple times. Therefore the time of the map merging can be
greatly reduced.

The reduction of the map size is similar to the problem of
image down-scaling in image processing. The map size can be
reduced by using any down-scaling algorithm. A very simple
example of such algorithm that reduces the map size four
times can be seen in the pseudo code further. In this case m is
the map to be down-scaled, mX and mY represent the size of
the map and res is the map acquired after the reduction.

L

Fig. 3. An occupancy grid map before and after map size reduction. The map
size is reduced 16 times. It can be seen that the resolution of the map becomes
much lower but the features of the map can still be identified.
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Fig. 4. An occupancy grid map before and after edge detection. During the
edge detection the number of occupied cells is reduced. The border cells
remain and serve for the purposes of the map merging.

For (i =0, 1 <mX / 2, i++) // every two rows
For (3 =0, j <mY / 2, j++) // every two columns
sum = m[2*1,2%J] + m[2*%i+1,2*3] + m[2%1,2%j+1] +

m(2*i+1,2*%j+1] // the sum of the 4 cell values
res[i,J] = sum / 4 //result is the average value
End

End

If the size of any map side does not divide by two, then
some cells are not taken into account in the processing of the
result. However, in most cases this loss is insignificant
because most often the values of the cells that are close to the
map border are equal to 0, i.e., unknown.

The reduction of the map size itself is not considered as a
map merging approach but it is compatible with any map
merging approach that uses occupancy grid maps as an input.

It is easy to see how the reduction of the map size can
reduce the time necessary for the map merging. Yet very often
the purpose of image preprocessing is the improvement of the
resulting image quality. It is possible that by reducing the map
size too many times, the quality of the result will be reduced,
too. It is especially true if the algorithm is as simple as the one
just described. Although the algorithm is fast, after only a few
iterations (reductions) a significant smudging of the maps will
be observed.

B. The edge detection

Another way to reduce the map merging time is to use edge
detection before map merging. The edge detection detects the
boundaries between objects [18]. The edge detection process
serves to simplify the analysis of images by reducing the
amount of data to be processed, while preserving useful
structural information about object boundaries [19]. If the
method uses only cells with ‘occupied’ value for the merging
purposes, then the edge detection can greatly reduce the
number of the cells to be processed. Fig. 4. depicts a map
before and after edge detection.

In image processing the edge detection is not a trivial task.
In images the edges usually correspond to the variations of
illumination, orientation and depth of the scene [20]. These
variations manifest as changes in the intensity [20]. In the map
merging case the edges represent the border between occupied
and navigable part of the environment. The occupancy grid is
purely 2-dimensional. Therefore no illumination, orientation
or depth is present there.

The border between the occupied and free cells in the
occupancy grid can be determined relatively easily. If every
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Fig. 5. An occupancy grid map before and after map alignment. The map is
rotated by using information gained by computing Hough spectrum.

cell represents the occupation probability, then the borders of
the occupied part of the map can be determined with an
algorithm depicted below.

For (each cell ¢ in the map)
If (c.cellvalue > 0) // cell is probably occupied
Then
// If all adjacent cells are occupied
If (cellvalue of all adjacent cells > 0)
Then
c.cellvalue = 0; // cellvalue becomes unknown
End
End
End

In this case only those occupied cells that border free or
unknown cells remain marked as occupied. The rest are
marked as unknown and are not regarded in the map merging
process. All important objects are still represented in the map,
because all the border cells have remained in the map. The
edge detection result with this algorithm is depicted in Fig. 4.

C. The map alignment

Some map merging approaches work better if specific map
preprocessing is executed before the map merging. One such
approach is map merging by using Hough specters that is
described in [16].

The X-spectra and Y-spectra of the maps are used for the
computation of translation part of the transformation. This
approach may be useless if the map does not provide
distinctive projections along the x and y axis, i.e., the spectra
are mostly flat [16]. For Carpin’s approach to work adequately
the alignment of one map against the x axis is required.

Alignment against the x axis is essentially the rotation of
the map so that the most of the straight lines in the map would
be parallel to the x axis (Fig. 5). The rotation can be computed
by using the Hough spectrum as described in [16].

VI. THE DESIGN OF A MAP MERGING FRAMEWORK

The analysis of map merging in the context of the image
processing gives an insight into the structure of map merging
methods. Practically all metric map merging approaches are
based on the same principles — they extract a feature space,
use it for searching and determine the success of the merging
[3], [10], [11], [12], [15], [16]. Some of the methods also
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Fig. 6. The screenshot of the map merging framework prototype

preprocess the maps by using some image processing
algorithms [15].

It is possible to develop new map merging approaches
based on this knowledge. A map merging framework can be
designed to help in fulfilling this aim. The framework should
be able to enable the implementation and combination of
separate map merging components (see Fig. 1). Such
framework offers many possibilities in researching and testing
various map merging approaches and their components. The
components of currently existing map merging approaches as
well as completely new components can be combined and
their performance tested.

To implement the ideas described above, a map merging
framework prototype has been designed and developed (see
Fig. 6). This framework aids in developing new map merging
methods by giving an opportunity to implement separate map
merging components and to combine them to check the
performance of the particular combination. These components
can also be combined with image preprocessing algorithms to
test the impact of these algorithms on different map merging
approaches.

Currently the map merging framework contains the
following components and algorithms:

o Two feature space detection algorithms — Hough specter

detection [16] and Image similarity [3].

e Two search strategies — Hough transformation [16] and
Carpin random walk [3].

o Three similarity metrics described in Chapter IV.C.

e A map size reduction algorithm that is described in
Chapter V.A. It is currently possible to reduce the size
of the map 4 and 16 times.

o An edge detection algorithm described in Chapter V.B.

o A map alignment algorithm described in Chapter V.C.

e The map merging procedure that performs the merging of
the maps by using a transformation acquired by the
chosen combination of feature space and search
strategy.
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In Figure 6 an example of map merging can be seen. First, it
is necessary to choose two maps to be merged. After that it is
possible to choose the feature space, search strategy and
similarity metric from the list of approaches implemented in
the framework. Only compatible approaches can be combined
— the input of the search strategy and the output of the feature
space must be similar. Any similarity metric can be used as it
is basically a result verification applied after the map merging
has taken place.

Additionally to the basic map merging components the map
preprocessing techniques can be selected — the size of maps
can be reduced selected number of times, map 1 can be
aligned against the x axis (alignment can be expanded to both
maps if necessary) and the edge detection can be performed on
the maps.

In the example in Figure 6 Hough specter detection is
selected as a feature space, Hough transformation is selected
as a search strategy and discrete cell count is selected as a
similarity metric. Additionally the map 1 is aligned against the
X axis.

It is planned to add other map merging components to the
framework and start the testing of different combinations in
the near future.

VIl. CONCLUSIONS

In this paper the problem of map merging in the context of
image processing was analyzed. Map merging and image
processing have many common characteristics, therefore it is
reasonable to use the image processing advances in the map
merging area.

The image processing subfield closest to map merging is
image registration. Image registration is an image processing
task that combines the final information from various data
sources. Although not exactly the same, this problem is
somehow similar to map merging.

As the map merging and image registration methods have
many similarities, it can be assumed that metric map merging
methods similarly to image registration methods consist of
three components: feature space, search strategy and similarity
metric. All these components were analyzed in the context of
map merging and relevant examples of existing map merging
approaches were presented.

Apart from image registration other image processing
approaches can be applied to map merging. Maps can be
preprocessed before the merging by using image processing
methods to reduce the time required for the merging or to
improve the quality of the result. Three map preprocessing
possibilities were considered in this paper — map size
reduction, edge detection and map alignment.

The research of map merging in the context of image
processing has helped to determine the requirements of a map
merging framework. The framework should allow to easily
implement separate map merging components and map
preprocessing algorithms and to test them by combining in any
permissible combination. Such framework can be of a great
assistance in the development of new map merging
approaches.

Based on these requirements a map merging framework
prototype was designed and developed. At the moment two
feature space detection algorithms and search strategies, three
similarity metrics, map size reduction, edge detection, map
alignment and map merging algorithms have been
implemented.

The work can be continued by adding new map merging
components to the framework. New ways to preprocess the
maps can be added or existing preprocessing algorithms can
be improved. The map merging components can be combined
and their performance tested together with different map
preprocessing algorithms. By gradually updating the map
merging framework new and effective map merging methods
can be developed. In future the map merging framework may
be complemented with data base of maps. By running pre-
created tests of map merging, an overall performance of the
map merging approach could be acquired automatically.
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llze Andersone. Karsu apvieno$ana attélu apstrades konteksta

Kariu apvieno§anas probleémsféra ir ciesi saistita ar attélu apstrades jomu. Visbiezak robotu sastaditas metriskas kartes tiek attélotas ka aiznemtibas rezgi. Sadam
kar$u atspogulojumam ir viegli pielagot attélu apstradé izmantotos algoritmus. Att€lu apstrades joma, kas ir vistuvaka karSu apvienoSanai, ir att€lu registrésana.
Var pienemt, ka metrisku kar§u apvieno$anas metodes, tapat ka att€lu registréSanas metodes, sastav no tiis komponentém: iezimju telpas, parmeklé$anas
stratégijas un lidzibas metrikas. Attélu apstrades algoritmi karSu apvienosana var tikt izmantoti arT karSu iepriek3€jas apstrades faze. Raksta mérkis ir aplikot
karSu apvienoSanas un att€lu apstrades kopigas iezimes un noteikt, ka p&tfjumu rezultati var tikt izmantoti kar§u apvienoSanas ietvara un attiecigi arT jaunu karSu
apvienoSanas pieeju izstradé. KarSu apvieno$anas pétijumi att€lu apstrades konteksta ir |avusi noteikt prasibas karSu apvienoS$anas ietvaram. Ietvaram ir jalauj
viegli realizét atsevidkas kar$u apvieno$anas komponentes un karsu iepriek$gjas apstrades algoritmus, ka arT tos savstarp&ji kombingt un parbaudit. Sads ietvars
var bitiski atvieglot jaunu karSu apvieno$anas pieeju izstradi. Balstoties uz $§im prasibam, tika projektéts un izstradats karSu apvienoSanas ietvara prototips.
Sobrid taja ir realizéti divi iezimju telpas noteikSanas algoritmi un parmekl&Sanas stratégijas, tris lidzibas metrikas, kar§u izméra samazina$ana, robezu
noteikSana, karSu savietoSana ar x asi un karSu savietoSanas algoritms. Darbu var turpinat, papildinot ietvaru ar jaunam kar$u apvienoSanas komponentém. Var
tikt ieviesti jauni karSu ieprieksgjas apstrades veidi vai arT uzlaboti esosie algoritmi. Kar§u apvienoSanas komponentes var kombinét un to veiktsp&ja parbaudita
kopa ar dazadiem karSu ieprieks&jas apstrades algoritmiem. Pakapeniski papildinot karSu apvienoSanas ietvaru, var tikt izstradatas jaunas un efektivas karSu
apvienoSanas metodes.

Hn3e Aunepcone. O0belMHEHUE KAPT B KOHTEKCTe 00padoTKH U300 paxeHHii

O0nacTb 00BEUMHEHUS! KapT TECHO CBS3aHa ¢ 00J1acThi0 00paboTKH M300pakeHnid. OOBIYHO METPUYECKHE KaPThl, CO3/1aHHBIE U1l POOOTOB, MPEICTABICHBI KaK
CeTKa 3aHATOCTU. AJITOPUTMBI, HCIOJIb3yeMble B 00paboTKe HM300pakeHUil, NPOCTO NMPUMEHUTh K TAKOrO poja IMpeAcTaBiIeHHI0 KapT. O0macts o0paboTku
N300paKeHUH, KOTOpasi HAaXOOHUTCS ONIDKE BCEro K OOBEAMHEHMIO KapT, SBISIETCS PEerucTparmeld H300pakeHHH. MOXKHO IIPeNIIONOKHTb, YTO METOXBI
O0BEANHEHNS METPUYECKHUX KapT aHAJIIOTMYHbI METOJAM PErHCTPAIMKU M300PaKCHUH M COCTOAT U3 TPEX KOMIIOHEHTOB: IPOCTPAHCTBA IPU3HAKOB, CTPATETHHI
MOUCKA M METPUKU CXOJCTBA. AJITOPUTMBI OOpaOOTKM H300paKeHUH Takke MOryT ObITh MCIOJIb30BAaHbI B OOBEIUHEHMH KapT Ul NMPEABAPUTENBHOM HX
o6paboTku. llensro aHHOH pabOTHI ABIISIETCS M3YYEHHE CXOACTBA MEXTY OOIACTAMH OOBEWHEHHsS KapT M 00pabOTKM M300paKeHWil W ompeseneHne, Kak
pe3ysIbTaThl ATOTO MCCICAOBAHHUS MOTYT OBITh HCIIONB30BAHBI JUIS PAa3BUTHSI CUCTEMBI OOBEIMHEHHS KapT W, CJIEI0BAaTEIbHO, HOBBIX MOAXOJOB B 00JacTn
o0beanHenus kapt. ccnenoBanus 00beIMHEHNST KapT B KOHTEKCTE 00pabOTKH M300pakeHUI TIOMOTIIH ONPENEeTUTh TPEOOBAHUS K CUCTEME 00bEANHEHHS KapT.
Cucrema IOJDKHA TTO3BOJIATH JIETKO HCIIOIB30BaTh OTASIBHBIE KOMIIOHEHTH OOBEHHEHHSI KapT U alTOPUTMBI IIPEABapUTENEHOH 00pabOTKN KapT U MPOBEPUTH
uX B JM000# nomycTumoit komOuHanmu. Takas cuctema MOXeT ObITh OOJNBIIMM IOJCIIOPHEM B Pa3BUTUHM HOBBIX MOJIXOJOB B oOnacTu oObeauHenus kapt. C
Y4ETOM 3THX TpeOoBaHH ObUT pa3pabOTaH U CO3JaH MPOTOTHUII CUCTEMbI 00beMHEeHHs KapT. Ha TaHHBIIE MOMEHT peaji30BaHbl JIBa allTOPUTMa OOHAPYKEHUS
MIPOCTPAHCTBA NMPH3HAKOB M CTPATETHH IOWCKA, TPU METPHKU CXOJCTBA, YMEHBIICHHE pa3Mepa KapT, BIICNICHHE I'PAHHI], BHIPABHUBAHHE KapT M alTOPHTM
cnusiHuA KapT. PaboTa MoskeT OBITh MPOJOIDKEHa MyTeM JJ0OABIEHHS HOBBIX KOMIIOHEHTOB K CHCTEME 00beIMHEH s KapT. MOryT ObITh BBEJEHBI HOBBIE CITOCOOBI
HpeABapUTENbHOW O00pabOTKH KapT WM YITy4YIICHBI CYIIECTBYIOIIHE AIrOpUTMbL. KOMIIOHEHTBI OOBEIHHEHHS KapT MOryT KOMOMHHPOBAaThCsl M HX
IIPOU3BOUTEILHOCTh HCIIBITAHA BMECTE C aJTOPUTMaMH IIPEABapHUTENEHOH 00paboTky KapT. IlocTeneHHO MOryT OBITh pa3paOoTaHbl HOBBIE U 3¢ (heKTHBHBIE
METO/IbI 00bCIMHEHHS KapT.
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