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Chapterr 1 

Introduction n 

Thee ability of humans to understand their surrounding simply by looking at it 
continuess to amaze and to frustrate researchers in computer vision. In many 
fieldss of computer science, researchers succeed in surpassing human ability. 
Playing'' chess, predicting the weather or controlling air traffic are examples 
off  tasks where the computer is superior to even to the most specialized and 
trainedd people. Vision is different. Some of the most mundane tasks, such as 
routinelyy and reliably recognizing a hand written adress on a postcard, are 
beyondd the reach of current computer capability. 

Althoughh experiments such as performed by Gestalt theorist [31], have 
providedd some means of understanding the human visual system, by and large 
itss workings remain a mystery. It is clear that contextual knowledge plays 
ann important part. People recognize hand-written words because they know 
itt is text, they correctly classify the language the text is written in, they 
understandd the meaning of surrounding words and they guess the meaning of 
wordss on the basis of a probably meaning of the sentence. The multi-facetted 
conceptss of knowledge and context escape precise definition. The large field 
off  artificial intelligence is still trying to define them for proper use. 

Inn the absence of a general theory of vision and understanding, the field 
off  computer vision is fragmented into many domains aiming to solve specific 
problems.. Fingerprint recognition, face recognition, character recognition and 
licensee plate-recognition serve to indicate a few but heavily researched topics. 
Somee of the topics show impressive results; fingerprint-recognition has reached 
aa level where its applications are vital in policing. Other topics are still way 
offf  their goals; the face recognizing computer is still no match for the soccer 
afficionadoo that easily distinguishes between identical twins Frank and Ronald 
dee Boer (see figure 1.1. 
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Figuree 1.1: Soccer twins Frank and Ronald de Boer are easy to recognize for soccer 
enthousiasts.enthousiasts. but puzzle face recognition software. 

Too grasp the range of incompetence of current solutions, consider another 
ratherr simple task: recognizing the information on business cards. Business 
cardss are designed for relaying a standard set of information, so this should 
nott pose a problem. Yet, even specialized devices constructed for this very 
task,, fail to impress [29]. The problem is the seemingly infinite number of ways 
designerss come up with their use of color, fonts, contrast, latout. background 
andd logos to convey a sense of personality and uniqueness. Every businessman 
understandss business cards, no computer scientist is able to understand how 
theyy do it. 

I tt is intuitively clear the human visual system is not made up of many 
subsystemss dealing with specific recognition tasks. This poses a fundamental 
questionn for every vision researcher: should we work on subsystems for specific 
tasks,, or should our work be aimed at creating generic systems (potentially) 
capablee of every vision task? The work in this thesis is firmly grounded in 
thee former approach. It is an engineering approach: trying to do well-defined 
taskss well. Nagy [19] gives an excellent overview of the history and structure 
off  field of document image analysis, again from an engineering perspective. 

Inn this thesis, the task at hand is the recognition of symbols in formal 
drawings,, where examples and applications are drawn from utility maps. 

1.11 Recognizing formal drawings 

AA formal drawing, such as an engineering drawing, a music score or a utility 
map,, consists of symbols. These symbols and their (spatial) relations represent 
thee information provided in the drawing. Symbols are perceivable objects with 
aa (partially) fixed geometrical syntax or even a (partially) fixed fascimile, 
drawnn with ink, that have a specific semantic meaning. Examples of symbols 
includee arrows, dashed lines and text. 
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Thee design of' detectors, aiming to locate instances of symbols, is a cru-

ciall  part in designing a system for (semi)autoinated interpretation of a formal 

drawing.. In detector design, issues of extendability. performance and robust-

nesss come into play. 

Cordeliaa [5] separates image interpretation in four phases: representation, 
description,, classification and recognition. In the representation phase, the 
raww image data is converted into a data type more suitable for processing, 
forr example connected components, vectors, or run-length based representa-
tions.. In the description phase, candidate symbols are found and labelled with 
generall  features. Examples of these general features include the constrained 
distancee transform, and other structural descriptions. In the classification 
phase,, the candidate symbols are attr ibuted to a class of symbols based on 
thee description obtained earlier. The recognition phase deals with obtaining 
aa consistent description of the image in terms of symbols and their spatial re-
lations.. The recognition phase should be capable of conflict resolution. There 
iss no strict order in which these phases are processed. Some map interpreta-
tionn systems are strictly bottom-up following the described phases, others are 
top-downn where the phases interact. The separation into phases is useful for 
analvsingg methods for symbol detection and. on a larger scale, for systems for 
mapp interpretation. 

Inn l iterature, most drawing interpretation systems use a generic method 
forr symbol recognition. However, efforts directed at developing interpretation 
systemss for a specific domain yield systems that are just suited for that specific 
domain.. This is often noted by authors, for example [27] and [25]. In an 
overvieww of graphical symbol recognition. Chabbra [4] identifies several open 
issues.. The most important issue being the question whether an 'optimal" and 
genericc method of symbol representation and recognition may exist. Chhabra 
notess that one is hard pressed to find publications comparing methods of 
symboll  recognition and/or description. 

Thee idea of an optimal method for symbol representation and recognition 
iss attractive. However, we observe that symbols on any given map differ sig-
nificantlyy in their structure, the number of free parameters and the sloppyness 
off  the grammar defining the symbols. A recognition strategy for any given 
symboll  should therefore, we argue, be based on the characteristics of the sym-
bol.. Generic symbol description and recognition methods fall short of using 
thesee specific characterics of specific symbols. This leads us to define model 
basedd symbol detectors that are domain independent. Generic interpretation 
systemss should then be based on a set of specific symbol detectors. 

Sectionn 1.2 investigates the problems with a generic approach to sym-



4 4 Introduction n 

boll  recognition. Section 1.3 describes four different types of symbols, and 
recognitionn algorithms associated with these symbols. In section 1.4 a generic-
detectorr (called the semantic detector-) is defined that functions as an inter-
facee between the map interpretation system and symbol specific recognition 
algorithms.. Section 1.5 describes a modular architecture using these semantic 
detectors. . 

1.22 The problem with generic strategies 

Inn l i terature, most drawing interpretation systems use a generic method for 
symboll  recognition. Clearly this has advantages, especially in the transition 
fromm the description to the classification phase. When confronted with a 
smalll  set of symbols, it is often possible to find general features (the goal of 
thee description phase) that can discrimate between these symbols (the goal of 
thee classifying phase). Statistical pat tern recognition is a principled, rather 
thann ad hoc approach for succesfully solving the classification phase [13]. 

However,, we find two main problems. Firstly, linking the classification 
phasee with the representation phase and description phase leads to systems 
thatt are not applicable outside the domain they were developed for. They wil l 
bee ill-equipped to deal with complex drawings. Secondly, a generic strategy 
demandss that all symbols are recognized using the same method of description 
andd classification which leads to suboptimal symbol recognition. 

AA related problem is that of information loss. In the representation and de-
scriptionn phase, the information contained in the image is condensed thereby 
throwingg away data potentially valuable for recognition. We argue that infor-
mationn loss should be avoided as long as possible, by retaining the grey value 
imagee and/or binary image and allowing detectors to operate on these images. 
Also,, detectors should be allowed to operate on specific representation and 
descriptionn methods, if needed for optimal performance. 

Ass a consequence, we do not aim at developing an optimal generic strat-
egy,, but opt for specific descriptions and representations that are optimal for 
specificc detectors. 

1.2.11 Linking the phases 

Mapp interpretation systems as developed by Myers[18], Ogier[12] and Den 
Hartog[8]]  are based on a generic method of representation and description. 
Inn a generic system, the description phase returns a list of objects augmented 
wit hh features like measurements of the Minimal Area Enclosing Rectangle 
(MAER)[20].. In the classification phase, each object is attr ibuted a symbol 
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class.. The reasoning mechanism tries to obtain a consistent interpretation of 
thee symbols (see figure 1.2 for an overview of such a method). However, 

"f f 
** \ 

Figuree 1.2: £>en Hartogs[8j method, (a) gives the input image, (b) presents a seg-
mentationmentation into blobs (connected sets of pixels). In (c) the blobs are classified into 
symbolsymbol classes, (d) gives a consistent interpretation based on rules on the structure 
ofof utility maps. 

overlappingg and intersecting symbols obstruct the segmentation of an image 
intoo objects where each object can be uniquely classified to one symbol (see 
figurefigure 1.3 for an illustration). As a consequence some objects can not be 
classifiedd as symbols, while other objects will be part of several symbols. This 
showss that classification and representation can not be separated from object 
recognition. . 

Manyy authors develop a classification phase that is based on the differ-
encess between the expected symbols in a drawing, i.e. on clustering the fea-
turee space. Mesmer [16] presents a method for automatically determining the 
clusteringg of the feature space. Automatically determining this clustering im-
provess the robustness of classification, although the design of the feature space 
itselff  remains domain dependent. We conclude that a model based approach, 
wheree classification algorithms aim at reconstructing instances of the symbol. 
iss favorable. A model based approach is independent of other symbols and is 
thereforee portable to other domains. 
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Figuree 1.3: Segmentation into objects such as vectors or connected blobs of pixels 
doesdoes not lead to a 1-1 correspondence between symbols in the image and objects, (a) 
showsshows the part II of the mage after a typical segmentation into objects. Because of 
intersectingintersecting symbols, an arrowhead is separated from, the shaft. The line intersecting 
thethe arrow is also falsely separated into two objects, (b) and (c) show two symbols, a 
dasheddashed line and an arrow, of which the object shown in part I is a part. 

1.2.22 Generic symbol description 

A nn example of an interpretation system based on generic symbol description 
iss given by Ah-soon [1]. Ah-soon describes a system for interpreting architec-
turall  symbols. The method is based on the description of the model through 
aa set of contraints on geometrical features and on propagating the features 
extractedd from a drawing through the network of constraints. In the imple-
mentat ionn of this system, a symbol is described by a set of constraints on 
straightt line segments. It is clear that all symbols in an architectural drawing 
cann be described in this fashion, especially when arcs are included as features. 
I tt is well known from literature that graph matching on line segments is not 
robustt against errors in the vectorisation step [6]. Figure 1.4 illustrates the 
lackk of robustness against vectorisation errors. Ah-Soon suggests that robust-
nesss can be improved by relaxing the model by explicitly model the expected 
disturbancess and by improving the quality of the vectorisation. 

Wee agree that improving the quality of the vectorisation is always a good 
idea,, but one can not rely on it. Images wil l contain noise and clutter. Relax-
ingg the model can give rise to many falsely detections, increases the complexity 
andd lowers the maintainabil i ty of the system. In our opinion, a network of con-
traintss on features as line segments is not the optimal approach to detecting, 
forr example, a triangle. Such a simple symbol is best detected by conventional 
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Figuree 1.4: The model of a triangle is presented in (a). Due to vectorisation problems 
andand disturbances in the image, the triangle's model is often not found in the image. 
ExamplesExamples of common errors in vectorisation are given in (b)-(f). When the triangle 
isis detected based on a model from (a) using only detected vectors, problems will  occur. 

meanss as template matching or the Hough-transform, either using pixels as 
featuress or (depending on the resolution) line segments as features. In other 
words,, using a generic modelling and recognition method on a large set of 
symbolss wil l produce suboptimal detection on specific symbols. 

Notee that this example is randomly chosen from recent work in the field 
off  graphical symbol recognition. Other state-of-the-art papers further illus-
tratee the point, for example: 'Application of deformable template matching to 
symboll  recognition in hand-written architectural drawings' [28]. 'A structural 
representationn for understanding line-drawing images' [23] and 'A string based 
methodd to recognize symbols and structural textures in architectural plans' 
[15].. The methods described in these papers aim at developing a generic de-
scriptionn and recognition strategy for symbols in formal drawings. Al l these 
methodss have specific problems with specific types of symbols, limitin g there 
robustnesss and extendibility. 

Wee conclude that classification based on generic objects causes informa-
tionn loss due to the variety in the style of symbols from drawing to drawing. 
Thiss leads to suboptimal symbol recognition when symbols are perceived as 
memberss of one stochastic class rather than being member of a symbolic class 
generatedd by the samen underlying recipe. In the end, generic statistic based 
symboll  recognition enforces construction of interpretation systems that are 
nott extendable. Another approach is needed that appreciates the specific 
recognitionn needs of graphical symbols. 
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1.33 Symbols 

Symbolss manifest themselves in an image as a collection of foreground pix-
els:: ink was applied to paper. In our interpretation, events in the image like 
junct ionss or edges are not considered symbols, for they do not explicitly repre-
sentt knowledge. Events like junctions are abstractions based on (intersecting) 
symbols,, and are not objects themselves. 

Wee categorize symbols, based on their structural characteristics and free 
parameters,, in: 

 fixed symbols. 

 regular symbols. 

 irregular symbols. 

 compound symbols. 

Al ll  symbols have a scale parameter relating to the resolution at which an 
imagee it scanned. We do not treat this as a free parameter, mainly because 
forr recognition systems the resolution at which a document is scanned can be 
assumedd known. So. we define parameters in their real world measurements 
suchh as angles and millimeters. For all practical purposes, we assume that the 
scanningg resolution is presented as input to a symbol detector. 

Fixedd symbols have only two free parameters: location and orientation. 
Regularr shapes have addit ional free parameters, like size or length. A straight 
linee is an example of a regular shape. Irregular shapes only have a defined 
structure,, but cannot be described in terms of a fixed number of free parame-
ters.. A curved line is an example of an irregular symbol, that could be defined 
byy any number of control nodes in a spline. A compound symbol is a combi-
nationn of several fixed, regular and/or irregular symbols in a predefined range 
off  configurations. Compound symbols occur often in engineering drawing, for 
examplee a dimension. A dimension consists of arrowheads, a shaft, dimension 
liness and text. Figure 1.5 presents a detail of an engineering drawing, with an 
examplee of all four types of symbols. 

Forr reference, in appendix 1.7 a categorisation of the symbols is given as 
foundd in dutch public utilit y maps[22]. In table 1.1, the distribution of the 
symboll  types in public utilit y maps over the categories is given. In total, there 
aree 31 different symbol types. 
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Figuree 1.5: Four types of symbols in details of a public utility map. (I) is a compound 
symbol,symbol, a dimensioning set consisting of an arrow and a dimensioning text. The 
dimensioningdimensioning text itself is a compound symbol consisting of numbers and a dot. (II) 
isis an arrowhead, a regular symbol. (Ill)  shows a dashed line, an irregular symbol. 
(IV)(IV) is a fixed symbol, representing a cross-section of a pipe. This symbol is part of 
aa compound symbol, a gully frame. 

Fixedd symbols: 
Regularr symbols: 
Irregularr symbols: 

Compoundd symbols: 

10 0 
4 4 

10 0 
7 7 

Tablee 1.1: Types of symbols in use in utility map drawings. 

1.3 .11 A l g o r i t h m s for s y m b o l r e c o g n i t i o n 

Thee type of symbol has a large influence on the detection strategies to be 
employed. . 

F i x e dd s y m b o l s 

Inn the case of fixed symbols, the classic technique of template matching and 
modernn adaptat ions thereof can be used. See Van den Boomgaard[30] for an 
example.. Doermann [9] uses algabraic and geometric invariants to recognize 
logos.. Other examples of detection of fixed symbols can be found in the field of 
opticall  character recognition (OCR). In OCR. neural networks have received 
aa lot of attention. Ripley [24] gives an overview. 
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R e g u l a rr s y m b o l s 

Forr regular symbols, a large variety of methods are developed. For example, 
thee l i terature oil detecting straight lines is wide and deep, the many variation 
onn applying the Hough transform [2] being the most well known. Arc detection 
iss a similarly well researched topic [21]. [10] and [32]. where most techniques 
aree an adaption of the Hough-transform. Because of the fixed parameter space, 
thee Hough transform (mapping the image on the parameter space) is indeed 
aa reasonable choice. 

Irregularr s y m b o l s 

Irregularr symbols require a large variety of approaches. A survey of techniques 
andd algorithms concerned with representation and recognition of these sym-
bolss (applied to reconstructing of 3D-objects) is described in [3]. Irregular 
symbolss can not be directly extracted from the image. Therefore, it is an area 
wheree many grouping and clustering algorithms have been developed. Curve 
detectionn (see chapter 4). is a good example of an irregular symbol requiring 
groupingg and clustering algorithms. 

C o m p o u n dd s y m b o l s 

Detectorss concerned with compound symbols need to recombine knowledge 
providedd by other detectors, and must be capable of directing those detec-
tors.. In general, detecting strategies involve defining a (spatial) grammar on 
features.. Many drawing interpretation systems (refer to section 1.2) are con-
structedd around a grammar on features, and treat drawings as a hierarchy 
onn features. Compound features are then defined as a level in this hierarchy. 
Construct ingg a detector on a compound symbol can. especially when there are 
manyy degrees of freedom in the lay-out and number of (sub)symbols, benefit 
aa lot from the work in this field. 

Specificc work on this type of symbols is done for example in relation to 
detect ingg dimension sets [17] [14] [7]. 

1.44 Defining a detector 

Wee define a detector as an algorithm that returns the likelihood of the presence 
off  a specific symbol on an image location, extended with an estimated value 
forr its actual parameters. The detector might operate on any type of image, 
i.e.. greyvalue. binary or vectorized, or on any combination of these types. If 
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differentt algorithms operate on different image representations, the detector 
wil ll  consist of several subdetectors, and the detector needs to have a procedure 
off  combining results of these subdetectors. 

Thiss introduces the notion of a semantic detector, first proposed by 
Smeulders[26].. The semantic detector presents the interface of the combined 
subdetectorss to the remainder of the interpretation system. It is crucial that 
thee detector is self contained in order to be able to test the detector as an 
entity.. Employing semantic detectors, modular recognition systems can be 
build* .. In figure 1.6 a schematic design of the semantic detecor is presented. 

Input t 

Semanticc detector 

detector r 

type e 

component t 
detector r 

binar\ \ 

detector r 

Component t 

image e 

Binary y 

image e 

Greyy value 
image e 

Figuree 1.6: Schematic design of a semantic detector consisting of three subdetectors 
operatingoperating on three different image types. 

Wee further distinguish between two types of detectors: passive and ac-
tivee detectors. An active detector gets as input a region of interest, and 
returnss graphical symbols as detected in that region. A passive detector on 
thee other hand, answers the question whether a collection of pixels classifies as 
thee symbol which the detector operates on. Ideally, a semantic detector must 
bee capable of handling both kinds of requests from the map interpretation 
system. . 

1.4.11 D e m a n d s on detectors 

Inn the implementation of a semantic symbol-detector, the following demands 
aree made a priori: 

*I nn such a sense semantic detectors are essential in an Object Oriented approach to map-
recognition. . 
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•• Required invariance. The detector should be invariant under the follow
ingg operations. 

-- Translation. A translated symbol is still the same symbol, so it 
shouldd be recognized irrespective of the symbols location. 

-- Rotation (optional). In most maps, a rotated symbol still has the 
samee interpretation. A counterexample is given in figure 1.7. 

Figuree 1.7: (a) Shows a rotated arrow. The semantic interpretation is equal, (b) 
ShowsShows a symbol that of which the interpretation changes after rotation. 

—— Scale. Maps can be scanned at different resolutions, so scale-
invariancee (in terms of pixels) is required. Note that this requires 
thee scanning-resolution to be known to the detector. Upholding the 
scalee invariance requirement without requiring a know scanning res
olutionn is a strict requirement unsuited for many symbols, as they 
havee a given set of parameters. In line drawings, for example, 
thee pensize has a semantic meaning. In contrast, line recognition 
shouldd be scale invariant in the strict sense. Recognizing a specific 
typee of line, requires a known scanning resolution. 

Robustness.. The detector should be robust against: 

—— disturbances. The utility-maps can be expected to contain many 
liness that touch or cross the objects to be classified. These distur
bancess should not influence detection. 

—— noise. Scanned images contain noise. The detection should be 
robustt against noise, to the extent that its performance should not 
deterioratee rapidly. 

Reliability. . 

AA semantic detector returns a classification, and a certainty associated 
withh that classification. The certainty must be an accurate representa
tionn of reality. It needs to be validated on large numbers of (real world 
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andd synthetic) example images. As an expression of realibility, the break-
ingg point indicates under what circumstances the detector does and does 
nott function. In order to appreciate the applicability of a detector, its 
breakingg points should be clearly documented. 

•• Efficiency. 

Inn real-time map-conversion applications, efficiency both in turns of 
memoryy and time-usage are key-issues. We demand that , at least, the 
computationall complexity of the detector should be known. In order 
too gain a better understanding of the performance of a detector, both 
thee worst case computational complexity and the average case compu
tationall complexity (at least experimental results indicating the average 
casee complexity) should be provided. 

Inn addition to the methodologie demands, good engineering practice in the 
object-orientedd approach requires the model of the symbol to be made explicit, 
ass is discussed in the next paragraph. 

1.55 A modular architecture 

Encapsulation,, a key feature of object-oriented programming, demands the 
innerr workings of an object be hidden, but its results and its interface should 
bee clear and complete. The model-based approach when combined with en
capsulationn requires the parameters of the algorithm to be expressed in model 
parameters.. This means that the recognition algorithm should not contain 
"magicc numbers": settings that influence the outcome of the recognition algo
ri thmm but bare no meaning without detailed knowledge of the algorithm. 

Ass an example, figure 1.8 shows the model of a casing tube. An active 
detectorr containing a detection algorithm for casing tubes would receive as 
inputt a region of interest, on the image, and a set of limitations on the pa
rameterr space of the symbol (h < 50 mm, 5 mm < l2 < 10 mm, et cetera). 
Thee detector returns a list of detected casing tubes, augmented with their 
parameterr values and the certainty of observation. A passive detector is asked 
aa more specific question. Figure 1.8.c presents an example where the passive 
detectorr is asked to report on the presence of a casing tube between points px 

andd p2. Several additional restrictions could also be presented to the detector, 
forr example the pensize d2. Other passive casing tube detectors are possible, 
givingg other restrictions on the parameter space*. 

Notee that a passive detector could be implemented by first letting the active detec-
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F i g u ree 1.8: A model of a casing tube, (a) shows a detail of a utility map containing 
aa casing tube, (b) Shows the model of the casing tube with its parameters. In (c) the 
inputinput parameters of a passive detector for a casing tube are presented. 

AA map interpretation system consists of two parts, a reasoning module and 
aa set of semantic detectors [11]. The reasoning module has several responsi-
bilities.. It must specify the semantic detectors where to look, it must contain 
andd work on knowledge of the grammar of maps and must contain procedures 
forr dealing with inconsistent or missing data. In this view, it is not necessary 
forr the reasoning module to access the image data or other intermediate data 
typess such as components or vectors. This separation into a part for symbol 
detectionn and a part for reasoning follows directly from the definition of the 
semanticc detector. It is a necessary separation to employ semantic detectors. 

Figuree 1.9 presents an overview of the architecture of a map interpretation 
systemm using semantic detectors. This design is presented by Schavemaker[25]. 
I tt is an extension of [26]. The reasoning modules are based on a semantic net-
work.. Explicit knowledge rules are formulated whereever possible, to abandon 
thee need for 'magic numbers'. Considering the system, it is important to no-
ticee that the use of rules is distributed, in the sense that they are confined to 
placess where they are needed: 

•• a meta-reasoning level, specifying where to proceed the reasoning, 

torr return all presences of the symbol in the image, and then performing a search on the 
databasee of detected symbol using the provided restrictions. Conversely constructing an 
activee detector based on a passive detector is not feasible. 
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Category y 
Fixed d 
Regular r 
Irregular r 
Compound d 

Passive e 

Arrowheadd (chapter 2.4) 
Backlinee (chapter 3) 
Dashedd line (chapter 5) 

Active e 

Galleyss (chapter 4) 
Arroww (chapter 2) 

Tablee 1.2: Detectors developed in this thesis. 

•• a conflict resolution level, specifying how to resolve inconsistencies, 

•• a semantic level on the contents of the map specifying detectors where 
too look, 

•• and within detectors to decide among the various techniques available. 

Semanticc detectors share the input image as their data within the architec
ture.. It is possible to define additional data structures to be shared, such as a 
binaryy image obtained by segmentation of the input image. The range of in
termediatee data structures employed within semantic detectors is not limited. 
Eachh detector can use any number of representation and description methods 
itt needs. 

1.66 This thesis 

Inn this chapter we have argued that graphical symbols found in utility maps 
orr other formal drawings differ greatly in structural and other characterics. 
Therefore,, in our view recognition strategies for graphic symbols should vary 
accordingly.. As a consequence, we have presented a categorisation of graphical 
symbolss found in utility maps and associated detection strategies to illustrate 
thiss variety. 

Inn order to construct flexible map interpretation systems, a clear under
standingg of a detector is needed. In thic chapter we formulate demands on 
detector,, concerning translation, rotation and scale invariance, robustness, 
performancee and efficiency. Developing detectors in accordance with these de
mandss leads to semantic detectors, applicable in an object oriented approach 
too map interpretation. And finally in this chapter the embedding of the se
manticc detector in map interpretation systems is presented. 

Inn this thesis, semantic detectors for a number of specific symbols are being 
developed.. Table 1.2 gives an overview of the detectors. 

Thee performance of all detectors will be evaluated against real and syn
theticc images, with a detailed analysis of the computational complexity. Here, 
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Meta a 
reasoning g 
module e 

conflictt resolution 
module e 

reasoning g 
module e 

Arrow-detector r Housee detector 

knowledge e 

Figuree 1.9: Example architecture of a map interpretation system using semantic 
detectors.detectors. The reasoning module calls the semantic detectors. The meta-reasoning 
modulemodule decides how to proceed reasoning. The conflict resolution module deals with 
inconsistentinconsistent or missing data. 

thee engineering perspective of this thesis is evident; we are concerned with 
developingg detectors that can be employed in everyday practice. 
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1.6.11 Chapter 2; detect ing arrows 

Thee arrowhead detector (section 2.4), is developed by comparing several known 
methodss for recognizing fixed symbols, including template matching and the 
Houghh transform. The goal is to compare these different methods for rec-
ognizingg fixed symbols, and find the one best suited for the given domain. 
Wee develop a passive detector, because arrowheads are often disturbed and 
activee detection is computationally expensive. Furthermore, the arrowhead 
detectorr is used as a subdetector of the (compound) arrow detector. As noted 
above,, detectors for compound symbols need to contain a reasoning module 
too combine results of subdetectors. The arrow detector illustrates this. 

1.6.22 Chapter 3; a passive galley detector 

AA passive line detector is developed in chapter 3. The line detector is used to 
recognizee galleys drawn on the back side of a utilit y map (called backlines), 
whichh are visible on the front side due to the semi transparancy of the utilit y 
maps.. In scanned images, these backlines are of very low quality, explain-
ingg the need to develop a passive detector and allowing for maximal use of 
contextuall  knowledge. 

1.6.33 Chapter 4; an act ive galley detector 

I nn chapter 4. an active galley detector is presented, based on grouping line 
segments.. The main challenge is not in the low quality of lines, as is the case 
wit hh detecting backlines. but in controling the combinatorial explosion often 
involvedd with grouping algorithms. 

1.6.44 Chapter 5; an act ive dashed line detector 

Thee combinatorics involved in detecting dashed lines are impressive if it is not 
knownn a priori which pattern is repeated along the dashed line. We aim at 
developingg a detector that is capable, given a set of objects distributed along 
aa (virtual) line, to infer the repeating pattern. The detector is therefore only 
passivee in the sense that start ing point of the line itself is not derived from the 
imagee but presented to the detector. The detector finds the pattern where the 
mainn challenge lies in allowing for disturbances, both in detection of objects 
andd errors in the repetition of the patterns. 
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1.77 Appendix: Categorization of symbols in utilit y 
maps s 

1.7.11 Fixed symbols 

Al ll  fixed symbols have two free parameters: position and orientation. For some 
fixedd symbols the orientation parameter is meaningless, for they are rotation 
invariant. . 

muff,, cableview 

reel,, loopdop 

mastt with case doublee mast 

mastt with grounding 

telegraphh mast afspanmast t 

lightt mast 

mastt with 

lightt fitting 

Figuree 1.10: Fixed symbols 

•• Cableview. A cableview is a solid disc with a radius of 1 mm. 

•• Loopdop*. A loopdop is a solid disc with a radius of 1 mm. The context 
off the symbol defines whether it is a cableview, or a loopdop. A loopdop 
iss always drawn in a gaily 

•• Muff. A mof is a solid disc with a radius of 2 mm. 

•• Reel. A spoel is a solid disc with a radius of 3 mm. 

*Thee translation of the dutch word loopdop into english is unknown to us 
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•• Elektricity case. A rectangle of known size. 

•• Single mast. A circle of know radius. 

•• Mast with grounding. A circle, combined with a set of parallel lines 
decreasingg in length. 

•• Light mast. Circle with two orthogonal radial line segments. 

•• Mast met light fitting. Circle, combined with cross and line connect
ingg the cross and the outline of the circle. 

•• Mast with case. A combination of a mast (a circle of known size) and 
aa case (a rectangle of known size). 

•• Double mast. Two touching circles of known size. 

•• Telegraph pole. Two circles, connected by a line segment, all of known 
size. size. 

•• Afspanmast. Two circles, connected by two parallel line segments, all 
off known size.§ Two circles, connected by two parallel line segments. 

1.7.22 Regular symbols 

Forr all the regular symbols, orientation and position are free parameters. Fig
uree 1.11 gives an overview of the regular symbols. 

AA J ^ 

arrowhead d 

•• / 

B B 

^^ V 

A A 

Êk Êk 
LL A 

A A 

\ \ 

B B 

' ' 

arrowhead d 

A A 
/ / 
X X 

shaft t 

Y Y 

> > 
I MM I^B 

tubee casing 

Figuree 1.11: Regular symbols 

§Thee translation of the dutch word afspanmast into english is unknown to us 
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•• Arrowhead. Solid triangle. The additional free parameters are height 
andd width. Arrowheads of the second variety shown in figure 1.11 are 
alsoo admissable. 

•• Shaftline. Straight line segment drawn with pensize 1 mm. The addi
tionall free parameter is length. 

•• Casing tube. In chapter 4, the detection of roadlines is described. 
Thee casing tube is treated as an extension of roadline detection. The 
additionall free parameter is length. 

1.7.33 Irregular symbols 

-h-h-h-h-h-h h 
countryy border 

talus s 

J J - " B B 

house e 

linee of trees 

ditch h 

—— H — H — - I - -

provincee border 

II I I L 

fencing g 

galley y 

Figuree 1.12: Irregular symbols 

 House. A (not necessarily closed) set of connected line segments. The 
linee segments can be straight or curved. 

•• Road. Chapter 3 describes the detection of roads. This detection is 
complicatedd by the fact that roads and other types of infrastructure are 
drawnn at the backside of utility maps. 

•• Galley. A solid curve drawn with pensize 3 mm. 

•• Dashed line structures. A lot of the symbols in engineering drawings 
consistt of a repetition of a (set of) symbol(s) along a (virtual) centre 
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line.. This centre line is a free hand curve, without restrictions on length 
andd shape. 

-- Track. A string of alternating black and white rectangles of a fixed 
size. . 

-- Prov ince border. A string of alternating plus signs and minus 
signs. . 

-- C o u n t r y border . A string of plus signs. 

-- C o u n t y .border. A string of dots. 

-- Treel ine. A simple dashed line, with a solid disc at the end points 
off  the line. 

-- Fencing. A curve, with small line segments orthogonal to the 
curve. . 

-- Talus . Complex pattern, see figure 1.12. 

-- D i t c h . Complex pattern, see figure 1.12. 

1.7.44 C o m p o u n d symbols 

AA compound symbol is a combination of several fixed, regular and/or irregular 
symbolss in a predefined (range of) configuration(s). Figure 1.13 presents the 
compoundd symbols present in utilit y maps. 

•• A r r o w . There are two types of arrows, two headed arrows and single 
headedd arrows. 

-- Two headed arrow. See for a detailed model of a two headed arrow, 
andd the development of a detector, chapter 2. The free parameters 
off a two headed arrow are position, orientation and length of the 
shaft,, and width and height for both arrowheads. There is also a 
binaryy parameter, describing whether the arrowheads are pointing 
inwards,, or outwards. 

-- Single arrow. The free parameters of a single arrow are a subset of 
thee free parameters of the two headed arrow, for only one arrowhead 
iss present. 

•• Gul ly frame. A gully frame is a complex symbol. It consist of five 
straightt dashed line, in a U shape, and a number of cableviews drawn 
insidee the U. Above the cableviews a thick line segment, signalling a 
platee above the galley, might be drawn. 
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singlee arrow 

20 0 
7. . 

dimensionn text 

gullyy frame pipee with cableviews 

«££ t =„ 

concretee case with 
cableviews s 

Figuree 1.13: Compound symbols 

•• Dimension t ex t . The dimension text consists of two sets of numbers, 
andd a dot. The font size of the second set of numbers is smaller than 
thee font size for the first set. The dot is positioned between the first and 
secondd set. The allignment of the first set of numbers, the dot. and the 
secondd set of numbers is as shown in figure 1.13. 

•• Dimension. A dimension is a combination of an arrow and a dimension 
text.. The dimension text is positioned parallel, and centered, to the shaft 
line. . 

•• Concrete case with cableviews. Position is a free parameter of the 
concretee case. The number of cableviews is also a free parameter, as well 
ass the location of these cableviews, which are however restricted to the 
insidee of the concrete case. 

Pipee with cableviews. The free parameters of the pipe with cable-
viewss are identical to those of the concrete case with cableviewss. 
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