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The introduction of automated generalisation procedures in map production systems requires
that generalisation systems are capable of processing large amounts of map data in acceptable
time and that cartographic quality is similar to traditional map products. With respect to these
requirements we examine two complementary approaches that should improve generalisation
systems currently in use by national topographic mapping agencies. Our focus is particularly
on self-evaluating systems, taking as an example those systems that build on the multi-agent
paradigm. The first approach aims to improve the cartographic quality by utilising
cartographic expert knowledge relating to spatial context. More specifically we introduce
expert rules for the selection of generalisation operations based on a classification of buildings
into five urban structure types, including inner city, urban, suburban, rural, and industrial and
commercial areas. The second approach aims to utilise machine learning techniques to extract
heuristics that allow to reduce the search space and hence the time in which a good
cartographical solution is reached. Both approaches are tested individually and in combination
for the generalisation of buildings from map scale 1:5 000 to the target map scale of 1:25 000.
Our experiments show improvements in terms of efficiency and effectiveness. We provide
evidence that both approaches complement each other and that a combination of expert and
machine learnt rules give better results than the individual approaches. Both approaches are
sufficiently general to be applicable to other forms of self-evaluating, constraint-based
systems than multi-agent systems, and to other feature classes than buildings. Problems have
been identified resuiting from difficulties to formalise cartographic quality by means of
constraints for the control of the generalisation process.

Keywords: map generalisation; building generalisation; data enrichment; machine learning;
expert knowledge; self-evaluating systems; muiti-agent systems.
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The objective of this paper is to show two approaches with which the above-mentioned
problems can be addressed, for the example of the generalisation of single buildings. In order
to counter the first problem, context-dependent generalisation, we will try to use expert rules
for the generalisation of single buildings to improve the quality of the resulting map. The
expert rules have been defined based on the work by Boffet (2001) as well as results of
experiments previously conducted at the Institut Géographique National, France (see also
Lecordix et al. 2006). The second issue, computational performance of MAS, will be
addressed by procedural rules that are acquired with machine learning techniques. The rules
inferred from machine learning allow reducing the search space of the MAS reasoning
mechanism (or ‘agent engine’) by introducing procedural heuristics.

Apart from developing and testing the expert rules approach and the machine leaming
approach individually we aim to test both approaches together. To the authors’ knowledge
such an experiment is conducted for the first time, while reports on experiments with the
individual approaches are sparse. We expect that both approaches are complementary, since
we realise them in such a way that different components of the generalisation system are
affected. Hence, our hypothesis is that the combination of both types of knowledge utilisation
will help to improve the map generalisation process both in terms of efficiency (i.e.
processing speed) and effectiveness (i.e. achieved quality). To test our hypothesis we will
specifically examine knowledge for the generalisation of individual buildings for a
topographic base map (scale 1:25 000). We start from existing rules that only take into
account the internal conflicts of a single building in order to decide which generalisation
algorithm to try applying on it next. We evaluate our hypothesis regarding efficiency by
considering the time required to generalise a building. The evaluation regarding the
improvement of effectiveness will be based on visual assessment of the generalised buildings.

The remainder of this paper is structured as follows. § 2 reviews agent-based systems
currently used in map production, introduces the concept of constraints in MAS, and explains
how MAS work. § 3 discusses limitations of generalisation systems and the approaches we
propose to overcome these problems, including machine learning. § 4 presents the design of
the experiment conducted in this study, § 5 the results, and § 6 the discussion of problems
identified and possible improvements. We conclude in § 7 by recalling the main achievements
and outlining perspectives for further research.

2 The current approach for building generalisation

Automated map generalisation systems based on the MAS paradigm are currently in use or
being introduced in topographic map production of NMAs such as IGN France, Ordnance
Survey (UK), or KMS (Denmark). These systems consist of several logical components. In
general one can distinguish four components (Ruas and Plazanet 1996, Weibel and Dutton
1998): 1) constraints, 2) measures, 3) generalisation algorithms and 4) a mechanism that
controls the generalisation process. The control mechanism is responsible for the decision
making, determining how to generalise by evaluating the constraints (1) and triggering the
generalisation algorithms (3). In the following sub-sections we will explain these four
components with respect to building generalisation because we will later focus in the
experimental part on the generalisation of buildings.

2.1 Constraints and algorithms for building generalisation

2.1.1 Constraints on building representation. A map should meet two basic requirements.
First, the map should be designed to fulfil a specific purpose and second, the map must be
legible. In order to specify these requirements in more detail and define how a good map
should look like, current approaches to map generalisation use a set of cartographic
constraints, which can be understood as conditions to which the map should adhere (Weibel
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2.12 Actions for building generalisation. Several actions can be activated if one of the
previously listed constraints is violated, An extensive listing of actions, so called
generalisation operations, to meet the legibility constraints has been presented by McMaster
and Shea (1992). For the generalisation of buildings, those actions focus either on the
climination or the geometrical transformation of buildings. We like to note here that in
automated generalisation a particular cartographic operation, e.g. building displacement, can
be realised with different algorithms that utilise different solution approaches. A list of
generalisation algorithms that deal with the above mentioned constraints C1-C5 is given in
table 1.

Table 1. Algorithms for building generalisation,

Generalisation algorithm Applicable to following Author
constraints:

Al) Scale polygon Cl -

A2) Simplify building outline c2 Staufenbiel (1973), Regnauid et al,
(1999), Sester (2005, Lee (1999},

) Haunert and Wolff (2008)

A3) Building wall squaring c3 Regnauld et al, (1999)

A4) Enlarge width locally C4 Regnauld et al. (1999)

A5) Simplify to rectangle €2,03,C4 AGENT Cons. (1999)

A#6) Enlarge to rectangle C1,C2,C3,C4 AGENT Cons. (1999)

AB) Building typification C5,C9 : Regnauld (2001), Burghardt and
Cecconi (2007), Sester (2005)

A9) Building displacement C5 Powitz (1993), Ruas (1998), Bader et

al. (2005), Sester (2005)

A violation of preserving constraints does not necessarily result in an activation of a
specific operation or algorithm. In operational generalisation systems such constraints can
additionally trigger a recovery of the initial state prior to generalisation (termed backtracking)
or flag the result as invalid.

2.13 Evaluating constraints. One property of the constraint-based approach to modelling the
generalisation process is that several cartographic constraints can be defined and evaluated
first, and only then will it be decided what action is triggered to solve a given cartographic
conflict, This procedure is especialty of value if constraints are in conflict with each other
such as C5 (minimum distance), and C7 (positional accuracy). To achieve a solution every
constraint proposes none, one or several actions to solve a given problem. After all existing
constraints have been evaluated, a ranking of all proposed actions is established and finally
the most promising action is triggered.

But how can we know whether a constraint is fulfilled or not? Every constraint is
associated with a measure (identified as the second component of a generalisation system
above). This measure returns a quantitative value for a geometrical or topological property of
one or more map objects, This value is then mapped into a qualitative statement, the so called
constraint satisfaction, by comparing it to a reference value, e.g. the minimum building size
that corresponds to a particular target scale and map purpose. The qualitative statements can
be expressed either as Boolean (true/false), integer scores (e.g. 1 to 5) or continuous floating-
point scores (e.g. 10 to 5.0), using different mapping functions (Bard 2004). In our
experiment we will use continuous scores in the range of 1.0 = constraint violated to 100 =
constraint fully satisfied.



9

DIRAUT ‘SNYL "9I9Y}) WOIJ dNUNUOD PUE k]S PI[eA SNOTASId © 0} uInaT [Im WISAS oY) 91e)s
PI[RAUL UR JOJ SBAIOYM ‘DJR]S JUQLIND Y} WOIJ Sanunuod sse001d 8y} 91838 PIBA B 104 '[RLI} MaU
B U)IA Senunuod §59001d uonesijerauad o) pue parols I 3)B)s ) SISED OM) I3Y)0 J) JOF I[IYM
pareuruLIa) st Surpying oy jo uonesijerousd ay) oseo IoNE] 2y} U] (UONB[OIA OU) PRASHES e
STUTenSUoD [[B JI 122/42d se PAIJISSB[D SI 9JB)S Y 'PIpAul S8 PAIIPISUOD S1 9)BIS ) SISBI I3]0
I1e 104 ‘91818 snoraaid € 0y paredwoo pasordwi sey uefd panoaxa oy pasodord jey) Jurensuod
Ay} Jo uonoeIsnes ay) Io sssuiddey ay) J1 pypa se pIIapIsuod A[[ensn ST 3je)s Y "SJUTRNSU0D
J]B I2AO SeMJeA UOIOBISHES JUIRNSUOD ) JO aFeidAe PAYSTom B se paje[noeo st ssourddey
A} ‘AL Yora J0] ‘en[eA ssaurddny pal[es-0s € U0 paseq 21e)s Joaj1ad, 10 pIBAUL, ° PIEA,
SB PIIJISSB]D pUB PAIBN[BAY ST )l$ JUAIIND Y} oA J[3urs © Jo doys yse] 21 U] "aypgs
JuaSe MaU B Ul S)[NS3I TeY] [BL) QU0 SB U2as §I siy) parjdde sy (wyiuo3[e uonesierauaf & "o'7)
ueld e awy AroAg ‘1oydeiSorres € Jo 9415 JI0M 2U) SUROTWIW AJ[BIIUSSSD ST YOTUYM PUB ($()T
1950, pue ZOIMATRYDIIA) S2UaI0s 1ndWod Ul poylalll Y2028 [poo] Sk umouy s Jey) yoeoidde
JOLIa-pue-{el), & jn0 soLred ssoooxd SIYL ‘7 2mSIY Ul UMoys SI ‘9[oAoaJi] juade pafed
-0s a1y ‘yuede Fuip(ing ' yons jo uonesiersuad oy jo oydiound Surssesoid oy, [yiny 1snw
1 JBY) SHUTRIISUOD ANIGIZD] osol) poudrsse s)1od Juode Juip[ing vy ‘siurensuoo orgdeigorres
01 puodsapios sfeod pue ‘sSumies Jajewered snjd unpuoS[e uonesyRISULS ® Jo s1SISU0S urRid
© 1jons uonesijerousd dew pajewojne uf ' S[e0d, SIY urene 0} Juade Ue AQ pIINIAXd q Ued JBY)
UOIOB UR 9J0USp 0} pasn s upjd, wia) oy Suijepow paseq-juede uj Juafe ur se pajjepow aq
14 Sup[ing AI0A0 UoTjEsIRIoUST SUIP[ING UO SN0 oM SB “ISIT "siuswiradxa o £q pajosge
3q T eyl SjudwRfd ssoy) Surpredar yrejep arow ur 31 weldxs 03 pasu 20Uy pur (6661 Seny
JO YIom Teurduo ay) uo paseq) yoeoidde poseq-juade ay) SSION [[is am ‘SjudmIadxa Ino uf
“(L00T dugyon(y pue seny ‘(0T Je 12 INeLIeg ‘666 SBNY) stUsAs JuaSe-ninw pue ‘(qe00g
‘Te 12 arepy ) swyIod[e onauad ‘(BgOT TIv 12 21 ) Suljeauue paje[nuils aq 0} readde wejqord
uonesnundo sty1 94108 01 sanbruysa) urstirord 150w AUAIIND YT, *(L00Z) [2919M PUR 1LY
ul punoj aq ued senbrulo9l JUBAS[SI JO MAIAS] Y "2INjRIA)] oY) ul papodar uaeq aary asodind
sty J0f seyoeoidde Jo AjoueA v cawp8ua 2oua4afur pawwIa) UDYJO ST WISTUBYDSW [ONUOD SIYT,
“IN0 paLed oI suoneiado uonEsIEIoUS oY) JOPIO YOIYM UL SUIULISIP 0) pue ‘(suoneredo
J0) SWYIIOZ[E UONESI[RIAUIE pUE SIINSEIW ‘SIUTBIISUOD UIIMIA] SUOTIBIOOSSE OYBW O} SMO[[R
1By} pur ‘uonjesIjeIouad [[RISA0 2y} SJONUOD JBYJ WSIUBYOSW 2y) S1 paure[dxd oq 0} surewal
1eYM SwLIod[e uonesHeIausd pue ‘SIINSEIW ‘SUIRNSUOD PAUIR[dXe SABY am ‘UONOS SHY)
Jo Suuifaq oy 1B paysi] wsAs vonesieIaued ue-ay-Jo-e)s € Jo sjuauodwod moy oy JO

13p0w JUITD UD YNMA HOPOSYDIFUIST SUNJOLU0) T T

(1T00T) 'T¢ 39 JNBUEY 1918 PayIpoW — WalsAs [ NHTOV U ul Sulp[ing e Jo ainpacoid uonesi[eauan) ‘g s

suiyILoE e UOIR|OS URIueD {,

e1em1:xeap T ~o
~ \

mpad piea |pryeay \\ \
\ e WENNRAR -
\ ' |

*
sje)ssnomaidou | .

asiesauab jued )pemP'Eq

e e -

N pajues doy Ajdde /
A S . - | /
WRIPPeq 7 s'JE’l_d ues o 1...»” J;
sueyd ssow ou : 21918 240)5

Yo Sulensuod paje|oia P
wol ,suejd amadal e —

© SUIRISUOD WD,
waby - Buip(ing ;




R SRR T RN TR W RTERE AR 3 AT i TR i bree I

H= buildmg happlness; 1:low... 10: perfect

— e ratuced tree (strong
validity criterion)

sy fUll tree (soft validity
crlterion)

v v

L A 4 i i N &
ungenerallzecl (H=5 43) Solution B (H = 8,86) Solution A{H =9.34)

Figure 3. Search tree of possible generalisation solutions for one building, The best solution is A, corresponding
to a high happiness value close to 10.0. It is normally selected as the final solution. 1In § 3.1 we explain under
which circumstances solution B is selected as the final sotution.

states are never considered as starting points for further actions, which may lead to the
omission of good solutions that emanate from those. Finally, after all plans have been tried,
the system will select the one state as generalisation solution that best fulfils all constraints
(ie. has the highest happiness value) of all stored states. The described trial-and-error
generalisation process is depicted as a process tree for one building in figure 3.

To conclude this section, we aim to discuss the parameters used for controlling the
generalisation process in the agent model. The first parameter is called constraint importance
and represents a weight that is assigned to each constraint type in order to calculate the overall
happiness value of an agent as a weighted average. The second parameter, constraint priority,
is used to determine in which order constraint violations should be solved. Defining an
appropriate order is useful since the preceding solution of one conflict may involve an easier
solution for a following conflict. For instance, if a minimum size conflict (C1) is solved first
by building enlargement, then a previously detected minimum width conflict (C4) could have
been solved at the same time. Finally, giving individual weights to a plan is necessary to
define which plan should be executed before another plan that has been proposed by the same
constraint. As a rule of thumb preference should be given to plans that results in less
(geometrical) changes. All three parameters are usually pre-defined by an expert but may also
be set dynamically at runtime (Ruas 1999). For a more detailed introduction of multi-agent
models in cartographic generalisation we refer to the review by Ruas and Duchéne (2007).
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activities were followed by a relatively long period of silence, which was due to the scarcity
of formalised cartographic knowledge: If no expert rules exist, no expert system can be built.
Hence, research turned to knowledge acquisition during the subsequent years, including the
utilisation of machine learning techniques for the extraction of generalisation processing
rules. After initial experiments by Weibel et al. (1995), Plazanet ef al. (1998) developed a
supervised learning approach for the selection of appropriate line generalisation algorithms,
primarily for roads. This work was later extended by Mustiére (2005). Mustiere et al. (2000)
and Ruas ef al. (2006) evaluated learning-based methods for the extraction of rules for the
generalisation of buildings. Of the above, only Ruas et al. (2006) focused on learning rules
from mining the logs of a self-evaluating generalisation system to improve its efficiency. The
other studies extracted rules from logging human expert interactions with interactive systems
to improve the quality of automated generalisation results. Our research continues the work
by Ruas et al. (2006) but we use a different rule learning approach and directly integrate (i.e.
test) the obtained rules within the multi-agent system that was used.

Experiments with expett rules to guide the selection of generalisation algorithms in self-
evaluating systems have rarely been reported so far, owing to the relatively recent
introduction of such systems. Gaffuri and Trévisan (2004) used the classification of urban
areas by Boffet (2000, 2001) into different zones (e.g. urban blocks, dense residential,
scattered residential, industrial etc.) to enable a contextual treatment of the blocks. Similar
work was reported by Revell et al. (2006) to differently generalise buildings in urban and
rural environments. Our approach differs from the above in that we differentiate between
more types of situations. Also, we use a classification that is assigned as an attribute to each
individual building, rather than to entire classes of buildings. That provides the capability of
generalising a supermarket in a housing area differently than the surrounding residential
houses.

3.3 Context analysis and building classification

The objective for the use of expert rules in the generalisation process is to ensure that a
particolar map object receives a context-dependent treatment. Hence the expert, ie. a
cartographer, needs to identify first what objects need special treatment. Then, methods have
to be defined that select those objects. Finally, the (expert) rules are set up, defining the
generalisation procedure for these objects. In our case study the expert generalisation rules
will utilise higher order semantic concepts related to the urban fabric. Such concepts are
implicitly (or latently) contained in the map data but are not explicitly coded and hence need
to be extracted and made explicit with pattern recognition techniques. A condition for the
usability of such higher order semantic concepts is that they can be related to existing
cartographic map generalisation rules, while at the same time the concepts must be intuitive to
understand for the person using the map. Based on an analysis of the generalisation literature
(e.g. SSC 2005), the study of topographic maps, and the study of maps for urban planning and
education, Steiniger et al. (2008) identified five urban structure classes that are often used: (1)
inner city buildings, (2) industrial and commercial buildings, (3) urban buildings, (4)
suburban buildings and (5) rural buildings. To assign buildings to one of these classes
Steiniger et al. (2008) propose a supervised classification approach that establishes a mapping
between geometrical properties of buildings and the above urban structure classes. We applied
this classification approach implemented as a web-generalisation service by Neun et al.
(2008). The result of the classification process for a dataset of Zurich (Switzerland) is shown
in figure 4. As features for the classification the following geometric properties of the
building geometry have been used: I) area; ) number of corners; III) shape index; IV)
squareness; V) elongation; and VI) the number of courtyards. Additionally, the following
density measures: VII) number of buildings within a 200 m buffer; VIII) the ratio of building
area within a 200m buffer to their convex hull area; and IX) the ratio of building area within a
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Bullding Generalisation Process Tree with two Constraints Constralnts; C¥ Squareness - praposes squaring
C2 Granularity - proposes simplify, and

simplify to rectangle

State 3*

Training Sets (S, L)
State  Validity  Stop Criterion Priarity

1+)  {Stvalid)  {S1,continue)  (51,C1: prierity)
(S1,C2: no priority}

2A+) {52 valid) (82, continue) (52, C1:priority)
(C2,C2ino priority)

K 3% {S3,invalld)  not used ot used

: i 4 Gavaldi (S8 stop) notused
e, E.w; St notused not used not used

State 1+ Y

State 7%

,,,,,,,,,, . i ! Mt® 6 ($6invalid)  notused not used

w hquaning I wi 7% ($7invalid)  notused not used

\ / ‘.‘ _." 8(-} notused not used not used

O wlid state "% invalid state (@ beststate EE pathto beststate {+} on path, (*) related to path, (-} not on path

Figure 5. Examples of training sets built from a generalisation search tree for one building, One training set i
consists of the descriptor (state Si, label Li).

3. Terminate process — Finally the third type of rules to be learnt are termination rules.
They identify situations in which the generalisation process should be terminated
prematurely since obtaining better solutions in terms of a higher happiness value is
unlikely, Thus, the number of generalisation irials is limited by these rules.

3.4.2 General learning method. In the artificial intelligence and data mining community
several rule learning approaches have been developed (Hand et al. 2001, Witten and Frank
2005). For our purposes we will use a supervised rule learning approach, which means that we
will have to provide training samples to the learning algorithm. The approach follows the
general three phase learning scheme:

1. Exploration step - This step consists in logging the actions of the generalisation
process for a large number of geographical objects. During this phase, the process uses
the procedural knowledge initially contained in the generalisation system. The logs
record the whole information related to successes and failures of the various actions
invoked by the system, and hence of the procedural knowledge it contains.

2. Analysis step - This step is comprised of analysing the logs obtained during the
previous phase and in deducing new knowledge from it. Thus, the training samples are
selected from the database generated in the analysis step and afterwards the rules are
learnt from these samples.

3. Exploitation step — The third step involves testing the obtained rules with the
generalisation system on a different dataset. Hence, we can evaluate whether the learnt
rules lead to an improvement of the generalisation process.

We will describe the two parts that are essential for our experiments, that is, the creation of
the training samples and the generation of rules, in the next sub-sections. The results of the
third step are presented in § 5.

3.4.3 Training samples selection. For the rule learning it is necessary to define from which
kind of data the rules should be learnt. In the case of supervised learning every sample of the
training data must consist of a description vector that is used to define the condition, and a
label that corresponds to the action. For our purposes we will use the constraint satisfaction of
every state and the building type as description vector. The labels will be defined according to
the rule type that should be leamt (priority rules, validity rules, and termination rules).
Furthermore we restrict the selection of training samples to those states that are directly
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knowledge base that has been learnt to determine which generalisation constraint to solve
next.

Choosing a rule learning approach for a particular problem is difficult. Using RIDOR to
maintain the knowledge base of rules and not only the rule learner, enables to learn a
structured set of rules, which is easier to interpret than a mere list of rules. /REP may have
deficiencies compared with its successor RIPPER or C4 Srules but is comparably efficient to
the latter (Cohen 1995). In contrast to ID3, another well-known tree generating algorithm (
Witten and Frank 2005), IREP handles also continuous data, not only nominal data.
Furthermore, the combination of IREP and RIDOR is implemented ready-to-use in the
OpenSource learning framework WEKA (Witten and Frank 2005).

4 Experiment
4.1 Experimental setup

4.1.1 Target map scale and derived constraint settings. For the experimental part we
decided to focus on the generalisation of buildings for the base map scale of 1:25 000, starting
off from data at a nominal scale of 1;5 000 to 1:15 000 (cf. § 4.1.3). Given that we exclusively
want to deal with the generalisation of single buildings, focusing on such a large scale has the
advantage that only few buildings need to be eliminated (Miiller 1990) and only few
displacement operations due to overlaps between buildings and between buildings and roads
are necessary. Thus, complex operations such as building typification for dense built-up areas
are not considered and it is easier to evaluate the effects of the expert and learnt rules. Hence,
the set of constraints that we applied involves only the following constraints for individual
buildings: C1 — minimum size; C2 ~ granularity; C3 — squareness; C4 — minimum width; and
C6 — concavity. The minimum distance constraint is not applied for two reasons: On the one
hand displacement operations can be executed after the previously mentioned constraints are
satisfied, On the other hand, if the generalisation of one building is influenced by the
generalisation of its neighbour buildings it is harder to identify emerging knock-on conflicts
due to geometry transformations. In table 2 the constraints, their parameter settings and the
plans (i.e. generalisation algorithms) are listed that are proposed if a constraint is violated. We
adopted the parameters and plans as developed by experts during the two projects AGENT
(Barrault et al, 2001) and Nouvelle Carte de Base (NCDB, Lecordix et al. 2006), with small
modifications, The parameters (thresholds) listed in table 2 have different meanings. For
instance minSize, delSize and medSize are used to ensure a minimum building size (constraint
C1). Based on a comparison with the thresholds delSize and medSize it is decided whether a
building will be eliminated or enfarged to meet the minimum size constraint (minSize).
Tolerance values, such as the one for minEdge, should avoid actions that result in small,
unnecessary changes when the cutrent value is close to the goal value. For instance, if the
length of a building wall is 6.0 m, then the building is not generalised with a simplification
algorithm, due to the length tolerance of 0.5 m (threshold minEdge set to 6.25 m). Since we
assume that the settings and proposed plans of the constraints C1 to C4 are intuitive to be
understood we will only explain the settings for the defensive constraint C6 (concavity).
Constraint C6 should ensure that geometric transformations applied to one building do not
change the building shape in an unacceptable way. Therefore the ratio of the area of the
original building to the area of its convex hull is computed, and the ratio values before and
after generalisation are compared (Bard 2004). In table 2 it can be seen that the constraint C7
has a low priority, a high importance and does not propose any plans. The value for the
priority parameter is low since priority proposes no plans. If the change of the building outline
is too strong it is desired that the solution be rejected, and either another plan applied or the
building flagged for subsequent interactive generalisation. A rejection is achieved in that the
high importance value combined with a low concavity constraint satisfaction will result in a

13
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buildings, we propose to enforce the plan which simplifies small houses to rectangles instead
of trying out time consuming building wall by wall simplification that is followed by an
enlargement operation. This assumption is also applied to buildings in the rural context. A
second objective for rural buildings is to preserve even small buildings as far as possible,
since they may be an important point for the map reader’s orientation, e.g. if the map is used
for hiking.

From the above considerations and table 3 it can be obtained that no specific rules are
introduced for urban buildings. Thus, they are handled with the modified reference settings of
the NCDB project. To all other urban context classes we have been able to assign specific
rules. Hence, every urban context class except ‘urban buildings’ has its own, cartographically
justified set of rules.

Table 3. Expert rules accounting for the specificities of five urban context classes, applied to the settings of table
2. The proposed changes are explained in § 4.1.2.

Contextual application rules

Constraint Industry and Inner city Utban Suburban Rural
commercial
Minimum .- 1. Set delSize to --- Set weight of 1. Don't propose
size (C1) minSize Enlarge to rectangle Eliminate (A7)
2. Don’t propose . (A6) higher than for 2. Set weight of Enlarge to
Enlarge to _ Scale polygon {Al)  rectangle (A6) higher than
rectangle (A6) for Scale polygon (Al)
Granularity Don’t propose Don’t propose - - Set weight of Simplify to
(C2) Simplify to Simplify to rectangle (A5) higher than
. rectangle (AS) rectangle (A5) for Simplify (A2)
Squareness Don’'t propose Don’t propose —am - -—-
(C3) Squaring (A3) Squaring (A3)

4.1.3 Test data, generalisation system and learning framework. For the experimental part
we used two datasets. The first dataset from Switzerland, AV-Light data provided by the City
of Zurich, contains building data with a resolution corresponding to a 1:5 000 map scale. The
buildings have been classified according to the approach described in Steiniger et al. (2008);
see also § 3.3 and figure 4. Tn a step preceding the generalisation buildings touching each
other were merged into one building. Such a merge could be done as well with the agent
approach, but then we would need to introduce so-called meso agents that control: several
single building agents together (see Ruas and Duchéne 2007). This would add an additional
level of complexity and make the experimental setup and evaluation more difficult than
necessary.

The second dataset contains buildings from the region of Orthez in France and has been
extracted from the IGN BD-Topo® database. The French data have a resolution of about 1 m,
corresponding to a map scale of roughly 1:15 000. The building data are pre-classified with a
classification approach of Boffet (2001), which is better adapted to the French data than our
generic approach. To utilise this existing context classification we applied a mapping between
the — partially similar — concepts, given in table 4. For the French data a merge operation for
touching buildings has been applied as well if the buildings were of similar function type.

For the generalisation of the buildings we used the commercial map generalisation system
Radius Clarity™ by 1Spatial (2007). This software has been developed from the prototype of
the AGENT project (Barrault et al. 2001) and the inference machine can be adapted to use
different search heuristics (i.e. so-called pruning strategies). We applied generalisation
algorithms delivered with Radius Clarity™ to explore potential algorithmic deficiencies of
the commercial system for further experiments. As mentioned previously the system does not
explore the full tree of possible generalisations for a building in order to avoid redundant
search (figure 3). The generalisation of an object or situation in Radius Clarity™ is valid if 1)
the constraint satisfaction of the constraint proposing the plan has improved, AND 2) at least
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the Zurich sample dataset, which contains 724 buildings (figure 7). As described in § 3.4.1 we
learnt three types of rules; 1) priority rules, 2) validity rules, and 3) termination rules. All
rules learnt for the Zurich data are listed in table 5. It can be seen that two of the termination
rules (rules 7 and 8) not only account for the evaluation of a constraint satisfaction but also for
urban structure types. Thus, a first hint is provided that the introduction of the urban structure
concepts helped to better characterise the buildings, which in effect may increase
generalisation efficiency.

Table 5, Rules learnt from a test generalisation of buildings from the Zurich dataset (figure 7, middle). A
satisfaction value of 10 corresponds to a fully satisfied constraint,

Rules for automated setting of constraint priority

Rule 1 IF (minimum size satisfaction < 9.5%) THEN constraint to solve next = minimum size
Rule 2 IF (minimum size satisfaction > 9.5} AND (granularity satisfaction < 7.5) THEN constraint to solve
: next = granularity

Rule 3 IF {minimum size satisfaction > 9.5) AND (granulariey satisfaction > 7.5) AND (minimum width
satisfaction > 7.5) THEN constraint to solve next = squareness

Rule 4 IF (pninimum size satisfaction > 9.5) AND (granularity satisfaction > 7.5) AND (minimum width
satisfaction £ 7.5) AND (8.5 = squareness satisfaction > 5.5) THEN constraint to solve next =
squareness

Rule 5 IF (minimum size satisfaction > 9.5) AND (granularity satisfaction > 7.5) AND {(minimum width

satisfaction £ 7.5) AND {(squareness satisfaction < 5.5) OR (squareness satisfaction > 8.5)} THEN
constraint to solve next = minimum width

Rules-for checking the validity of a transformation

Rule 6 IF (squareness satisfaction = 10) AND (concavity satisfaction < 5) THEN invalid state

Rules for terminatin g the generalisation of a building

Rule 7 IF (type = industry & commercial) AND (minimum size satisfaction = 10) AND (granularity satisfaction
= 10) THEN stop

Rule § TF (rype = inner city) AND (minimum size satisfaction = 10) AND (granularity satisfaction = 10) AND
(ninimum width satisfaction = 10) THEN stop

Rule 9 IF (squareness satisfaction = 10) AND (minimum size satisfaction = 10) AND (granularity satisfaction

= 10) AND (minimum width = 10) THEN stop

5.2 Results for expert rules

Figure 7 shows the generalisation results for a part of the Zurich data. As previously
mentioned we did not apply displacement operations to make the identification of problems
with individual buildings easier. Thus, overlaps between buildings and roads are possible. A
comparison of the result for the reference settings of table 2 (figure 7, middle) with the control
settings that are derived from expert rules and dependent on urban context (figure 7, bottom)
shows that especially for inner city and industrial & commercial buildings the cartographic
quality is preserved. More specifically with the reference settings a number of buildings are
simplified to a rectangle resulting in overlaps with streets and nearby buildings. With the
context rules, such cases are avoided, A disadvantage of the introduced rules is that in some
cases too much detail of the buildings is retained (see dashed circle in figure 7). Deficiencies
of the building simplification algorithm that is triggered by the granularity constraint can be
recognised as well. Often courtyards are not preserved although they would be large enough
for visualisation (see black rectangle in figure 7).
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Zurich Sample Set 1:10 000 to 1:25 000
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Orthez Sarple Set 1:15 000 to 1:25 000

Average Number of Solutions Generalisatlon Time per Building Average Happlness
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Figure 8. Statistics for the generalisation of the data for Zurich, Switzerland and Orthez, France, The absolute
.generalisation times for both datasets are not comparable due to different memory needs and logging settings.

improvement in terms of efficiency has been determined as well by Taillandier (2007) with
the rule learner C4.5. A negative effect with respect to cartographic quality appears for the
application of the machine learnt rules, which can be seen in figure 9. In some cases the learnt
rules propose the simplification of buildings to rectangles although the loss of detail is not
acceptable from a cartographic point of view. In figure 8 one can see that the average
happiness value slightly decreased when the learnt rules are applied. This may indicate that
the rules learnt are not necessarily leading to best solution obtained with the reference system,
i.e. the learnt rules are not perfect.

5.4 Results fér a combined application of eicpert and learnt rules

With respect to improvements in efficiency we obtained very satisfying results: For the
Zurich data we measured a reduction in processing time of about 45%, and for the Orthez
dataset a reduction of approximately 30% (figure 8). The positive effects of an improvement
in visual quality resulting from the expett rules are retained, However, the degradations for a
few buildings that can be recognised in figure 9 also stem from the learnt rules. Fortunately in
most of these cases this happened for rural buildings only. Thus, such strong simplifications
could be avoided by introducing a corresponding expert rule specifically for rural buildings.
An additional experiment with such an expert rule that preferred a building wall-by-wall
simplification over a transformation to a rectangle prevented the oversimplification.

6 Discussion
6.1 Summary of improvements

This study departed from the hypothesis that the effectiveness and the efficiency of multi-
agent systems for cartographic generalisation can be improved by a combination of expert
rules, obtained from knowledge elicitation from expert cartographers, and rules that were
machine learnt through an analysis of previous system runs.
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are complementary, We obtained satisfying improvements with respect to both the
generalisation quality and efficiency. Thereby we discovered that the time reduction, achieved
for expert and for learnt rules, seems to add up for the combination of rules.

In conclusion, the hypothesis formulated in § 1 has been verified by the experiments. The
only unsatisfactory result is that for a few rural buildings the learnt rules propose a
cartographically inappropriate simplification to rectangle operation. This effect has been
avoided by introducing a specific expert rule. Thus, we showed that it is possible to balance
drawbacks of learnt rules with expert rules due to the different adaptation poinis in the
generalisation process.

6.2 Problems identified

Apart from the positive results given above we also discovered problems (summarised in the
last row of table 6). As can be obtained from the bar charts in figure 8 the reduction in
processing time (desired) correlates with a reduction of the average happiness value
(undesired). The degradation of the average agent happiness is owing to two problems. One
cause for this effect is that in some cases rules are learnt that guide the generalisation process
not towards the solution that is indeed the cartographically best solution. We assume that this
problem relates to the termination rules and validity rules learnt. The second reason for the
degradation of agent satisfaction is that we are not able to sufficiently formalise the desired
cartographic quality with the available set of cartographic constraints, This fact becomes
evident when visually comparing the results obtained with the reference generalisation
settings and the cartographically more appealing results obtained with expert rules (figure 7).
That is, sometimes the building agents ‘believe’ that their happiness has been degraded while
in fact it should have improved, but the constraints and measures available to the agents
cannot detect the improvement in cartographic quality.

To further analyse this problem we visualised the differences of the happiness values in
figure 10. It is noticeable that for the majority of the buildings the happiness has not changed
(light-grey fill), which is reasonable, since most buildings were classified as urban and we did
not apply specific rules to urban buildings. However, for some industrial & commercial
buildings and inner city buildings the happiness has decreased (grey fill to dark grey fill),
even though visual inspection suggests that a better cartographic representation is achieved or
subsequent overlaps of buildings and roads are prevented. The lower happiness value is most
often caused by an unsuitable weighting of the defensive concavity constraint (C6) and the
active squareness constraint (C3) in the calculation of the happiness. We would like to give
hints for potential solutions, facilitating a future detailed analysis and further studies.

Generally excluding the squareness constraint from the calculation of agent happiness for
these types of buildings is not recommendable since some walls of the buildings may need to
be made orthogonal (e.g. in cases where the wall is not parallel to a road) or more simplified.
However, we believe that a local structural analysis and the development of a specialised
squareness constraint and more sophisticated generalisation algorithms may solve the
problem. With respect to the use of the concavity constraint one should consider to differently
weight the concavity constraint and to introduce further shape preserving constraints as
presented by Bard (2004). Such constraints can, for instance, penalise solutions by reducing
the happiness if a building is represented by a rectangle.

A problem that subsequently emerges from the lack of detail in constraint formalisation
appears for the machine learning of rules. If we learn from the reference generalisation
(regardless if with or without expert rules) and the learning process tries to optimise the
happiness function, then rules can be obtained that cause cartographically inappropriate
solutions. Thus, for the learning part we must ensure that the highest happiness value always
is associated with the generalisation solution that is indeed the best solution in terms of
cartographic quality.
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mechanism. In order to make the generalisation process more effective, that is to obtain a
better cartographic quality, we introduced — previously not utilised — cartographic expert
knowledge. To this end the expert knowledge has been formalised in terms of different
building generalisation rules for different urban context classes. We restricted ourselves to
using generalisation algorithms that merely modify single buildings, that is, no algorithms
were used that take the context of several buildings into account, such as displacement,
typification or amalgamation. Nevertheless, we achieved a context-dependent generalisation
for different urban structure types as it is recommended in the cartographic literature (e.g.,
$SC 2005) and demanded by mapping agencies. An improvement of efficiency of the
generalisation process was achieved by the utilisation of machine learning techniques. Based
on previous work at IGN France we developed an approacli to learn three types of rules that
should guide the generalisation system faster to the “best” cartographic generalisation
solution. Both approaches, the one that introduces expert rules and the one that utilises learnt
rules, were realised in a complementary fashion and tested together for the first time.

In the experimental part we generalised two building datasets from a map scale of 1:5 000
and 1:15 000 to 1:25 000, We obtained satisfactory results for the combination of expert and
learnt rules with respect to a gain in effectiveness and improvements of cartographic quality.
Moreover, we observed that a degradation of few rural buildings resulting from machine
learnt rules could be balanced and prevented by introducing an additional expert rule.

During the experiments we also identified problems in the ability to formalise, by means of
constraints, the cartographic requirements for graphical quality. We see here clearly a need for
" future research to better define shape constraints and parameter settings to ensure that the
happiness values computed on the basis of constraint satisfaction indeed express the
cartographic quality as it is visually experienced by the map reader, This will help to improve
the generalisation results on the one hand and on the other hand the learning approach will
" return beiter rules for a well defined objective function. Note that these benefits would accrue
for any constraint-based generalisation, not only multi-agent systems. '

Other issues for further research can be identified. In our experiments we only considered
constraints acting on individual buildings, which is largely sufficient for our target scale of
* 1:25 000. Thus, further studies should consider larger scale reduction factors, such as from
1:25 000 to 1:50 000 and 1:100 000. Here, we see even more potential to influence the control
and selection of generalisation algorithms based on the urban context classes, since more
topographic detail needs to be reduced (Miller 1990) and hence, more contextual
generalisation operations are necessary. Thereby one should not only focus on the
generalisation of buildings but may also control the generalisation of other object classes,
including roads. For instance, Edwardes and Regnauld (2000) outline an approach for the
differentiated generalisation of roads in urban, inner city and rural areas.

Finally, as a further research objective one should try to include semantic information in
the urban classification where it is available, as exemplified by Boffet (2001, 2000), who used
information on industrial/commercial areas. This will help to identify misclassified buildings
and enables to introduce specific generalisation rules for objects of particular interest such as
hospitals.

Acknowledgements

The research reported in this paper was partially funded by the Swiss NSF through grant no.
20-101798, project DEGEN, We are grateful to Julien Gaffuri for helping us to get started
with Clarity, and Cécile Duchéne for discussions during the experiments. We specifically like
to acknowledge the fruitful exchange of ideas with the IGN Nouvelle Carte de Base team. The
authors are also grateful for the comments from anonymous reviewers.

References
23



¥e

‘LL-04 dd ‘(uuewney] ueSIo ([N ‘Yormsunrg maN) (spd) YsmH
"H PUB U240 " M ‘(FETIN) SUIUIDT 2UIYODPY U0 20U342{U0)) [pUonDULAU] Wl T 24
Jo s8upasnoad u ‘Butunid 10115 paonpal [RIJUSWAIOU] ‘p66T D “dINAIM PUR [ ‘“ZNVIINANA
“1ST-pp1 dd ‘(uuewyney] ueSION 1)) ‘0ospouel UeS) ('PH) FALYS “M [
(S6TW) Sutipa 2unovpy 10 20u.2fuo0)y pouonvuIdIu]  CT a4 fo s3uipasdoid Uy
‘uoneziwndo [eqols oYM §19s [Nl 2jrIN00R JUNRISUAN) ‘QA6] H'I ‘NELLIA PUB ‘g INVIY4
VD ‘YBUURARS ‘000Z 20U10S [0 J0 s3Utpa22044 U] "uonesiduurs
Yomiau uegin up AJsuap jo waned o) Surazesald ‘0007 ¢ N ‘TINVNOTY PUB 'Y ‘SHAIVMAH
"6L-89 ‘SE ‘WIV 2yl fo suonypatunuauoy) “yuswade(d
awreu deur-asuap JoJ Wd)sAs paseq-o[Ml ¥ ‘ge6] “H NYWEHEY pue ‘[ ‘Y THOSHHO
(6007 Areniqaq 7 :pesseooe) dyd urerdord/gpozaeifediuow /iy udr o/ dyy
:JB QUITUO Q[qR[IBAY ‘20urly ‘Jor[[odiuoiy ‘uonvuasaiday spdimm
pup uoyuvYDIaun) U0 doysyiopm VoI Y 2y ul 'siojerado reoidojoydiow Surpuaixe
Aq uonezijersuad Surpning Anenb Y3y ‘R007 g ‘NVVIS pue “A ‘ATHATIY NVA “[ ‘NIWV(
*07°9-1'9 "dd ‘epeur)) ‘Ared[e)) “('spyq) seuresn) "y g pue 9sooq "H'[ ‘doysytom
51a1SK§ paspg-adpaimouy 1of uonismboy adpajmouy [VVY yixis ay1 fo s3upaadroid
uT “suone)ur] pue soniiqrssod :sapnx umop ofddry ‘1661 'S "LAWAVS pue Y
‘NVSYAINIAS “d ‘NOLSHAEJ L, ‘SHIZNAN <Y “AFIVIN g “ONVY 0 ‘saavmad © d ‘NOLJWNO))
eCI=SI1
“dd *(uuewyney ueSIoW 1y ‘oye] axe]) (CETIN) SUIUIDIT 2UIYIDIY U0 2oUdL[U0))
JpuonpuiIf 7] Y1 f0 SSUIPa2I0.4 UONONpUL J[NI DAIDOLIR IS8 ‘66T MM ‘NAHOD
‘96¢-€6¢ “dd ‘(K1o100% I1ndwio)
UBI[RISNY (RI[ENSNY ‘2)1seomaN) (PH) ONSeD-[IANSH " A ‘K€ ‘20oua1og samduio?)
UO 2IUDLIJUOD UDISDIDAISNY | 8T Y1 J0 SBUIP23004d :CO, DSV UL UOIIEN[EAS
uonsmbor agpojmouy 10 JIoMOWRI] UOUB[NWIS Y ‘SO0T ' d ‘NOLAWOD) PuB ‘W' L ‘OV)D
‘ "R6T-E8T ‘1T ‘9oua108 uoyptLiofu] powydoisoan) Jo jpuinop
“Juy uoneoyrdA3 Surping 103 uoneoy WIS Ysop ‘2007 <V ‘INODDE)) pue ‘(] ‘LAYVHOINY
“(Youalg u1) ([ A-R[-SUICIA] P PNSIDATUY) ‘SISeY) (QUJ "U1pqan, ] ap anbiydp.i801.4p0
UONDSYDAUIE D] ANOd IXHDIANU-1NW UONDULIOfUL, P HOLID242 3P 2pOYISIN “100T 'V ‘1add0g
rumy)) ‘Juilteq ‘Sunpuvyy vipq pnods uo wnisodwis [puonpUIdIuf Yig Jo
s8upaadod "uonezijerauss owderdoped 1oy uonEWIOUI Ueqin SUNRII) ‘000T ¢V ‘laddog
*(uew3uo] :uopuo)
SE1-12Z1 "dd ‘(spH) 1SBAOIN Y pue pleyuanng g ‘uonvtuasaiday adpaimouyy
L0f sapny Suryppy uonpIpauas)y dpjy Ul "UOTIRULIOS 9]TU UO SJUTRNSUC)) ‘1661 N ‘qavag
'GT1Z-011T "dd “euryp
‘Surltag *aouauafuoy onydpa3oin) Uy XX 241 Jo s8uipaaso.dd Ul ‘uonezielouas
dew pajewoine paroiduwr Jo} sanbiuygos) s1wiIrode pue pajuslIo-)0afqo “Jusde
-tnur SuneISapu] ‘100T Y TAEIAM PUB Y 'SV “ V' M ‘SSENVIOVIA “d ‘AQEVH
“AOVAZVWAQ “D ‘saavyg Y AEVH D “ANTHONT N ‘aIAVNDEY CIN LINvaavy
18-¢€9
‘Q ‘SID 1 suoIvSUnL "uollesTeIdUA3 orydesdoes Jo juswssosse ANend ‘FO0T ¢S ‘aavyg
‘966-S16 ‘G ‘2ouUa10§ uoypuLofu] 1po1ydpadoan) fo puinof jpuoyDuI UL
*SSIU) A[1ONP B 1240 Judwadedsip Juiping ‘00T ¥ ‘THAIAM PUR ‘I ‘LINVIAvVg W ‘daavel
‘(uewiguo] :uopuo) 0198 ‘dd ‘(spH) ISR
) pue proyguanng ‘g ‘UonpIuasaiday a3pajmouy 40f sammy Suryppy SHOUD2YDIUIL)
dopy uf “uoneZIUe3IO pue UCIESISSE[D 98po[Mouy ‘1661 “d ‘W ‘ONCALSWIY
(6007 ArenIqa] ¢ Passa00e) (WY ZAQ/QIqRISATp/S) udriuade/:dny
‘I8 SUIUO J[QR[IBAY "SWILLIOSID 2150q fo u0103]2S — 7(J 14043y * 6661 "WNIIOSUOD) [INJOV
(600C ATenIqa.] 7 passaoor) [INY 7V (I/Q1qBISAIdp/Iy udrjuode/dny
1Je SUI[UO S[qRIBAY “SISKIDUD JUIDAISUO) — 7V 140daY 8661 'WNNIOSUO)) INAOY
(6007 ATeniqa 7 passaoor) jAied” snipeyssionpoid/wos feneds | mmm//dnyg TVILYLS |



GAINES, B.R. and COMPTON, P., 1995, Induction of ripple-down rules applied to modeling
large databases. Journal of Intelligent Information Systems,5,211-228.

GAFFURI, J. and TREVISAN, T., 2004, Role of urban patterns for building generalization: An
application of AGENT. In The 7th ICA Workshop on Generalization and Multiple
Representation, Leicester, GB, Available online at:
http://aci.ign.fr/Leicester/program.php (accessed: 2 February 2009).

HAND, D.J., MANNILA, H. and SMYTH, P., 2001, Principles of Data Mining (Cambridge, MA:
The MIT Press).

HARRIE, L. and WEIBEL, R., 2007, Modelling the overall process of generalisation. In
Generalisation of Geographic Information: Cartographic Modelling and Applications,
W.A. Mackaness, A. Ruas and L.T. Sarjakoski (Eds)(Amsterdam et al.: Elsevier), pp.
67-87.

HAUNERT, J.-H. and WOLFF, A, 2008, Optimal simplification of building ground plans.
Proceedings of XXIst ISPRS Congress Beijing 2008, IAPRS Vol XXXVII (Part B2),
pp- 372-378.

Lecorpix, F., TREVISAN, J., LE GALLIC, J.-M. and GONDOL, L.., 2006, Clarity
experimentations for cartographic generalisation in production. In The 9th ICA
Workshop on Generalization and Multiple Representation, Portland, OR, Available
online at: http://aci.ign.fr/Portland/program php (accessed: 2 February 2009).

LEE, D., 1999, Practical solutions for specific generalization tasks. In 4th ICA Workshop on
Progress in Automated Map Generalization, Ottawa, Canada, Available online at:
http://aci.ign.fr/ottawa1999/program php (accessed: 2 February 2009).

MACKANESS, W.A., FISHER, P F., and WILKINSON, G.G., 1986, Towards a cartographic expert
system. Proceedings Auto-Carto London, pp. 578-587.

MACKANESS, W.A ., and FISHER, P F., 1987, Automatic recognition and resolution of spatial
conflicts in cartographic symbolization. Proceedings Auto-Carto 8, pp. 709-718.

MCMASTER, R. and SHEA,K 8., 1992, Generalization in Digital Cartography. (Washington,
DC: Association of Amencan Geographers).

MICHALEWICZ, Z. and FOGEL, D .B., 2004, How fo solve it: Modern Heuristics. 2" ed. (Berlin
et al.: Springer-Verlag).

MULLER, J.-C., 1990, Rule based generalization: potentials and impediments. In Proceedings
of the 4th International Symposium on Spatial Data Handling, Zurich, Switzetland,
pp. 317-334.

MUSTIERE, S., 2005, Cartographic generalization of roads in a local and adaptive approach: A
knowledge acquisition problem. International Journal of Geographical Information
Science, 19, 937-955.

MUSTIERE, S., ZUCKER, J.-D. and SAITTA, L., 2000, An abstraction-based machine learning

~ approach to cartographic generahsatlon In Proceedings of 9* International
Symposium on Spatial Data Handling (SDH 2000), Beijing, sec. 1a, pp. 50-63.

NEUN, M., BURGHARDT, D. and WEIBEL, R., 2008, Web service approaches for providing
enriched data structures to generalisation operators. International Journal of
Geographical Information Science, 22, 133-165.

NEUN, M., WEIBEL, R. and BURGHARDT, D., 2004, Data enrichment for adaptive
generalization. In The 7th ICA Workshop on Generalization and Multiple
Representation, Leicester, GB, Available online at:
http://aci.ign fr/Leicester/program.php (accessed: 2 February 2009).

NICKERSON, B.G., 1988, Automated cartographic generalization for linear features.
Cartographica, 25,15-66.

QUINLAN, I. R., 1993, C4.5: programs for machine learning (San Mateo, CA: Morgan
Kaufman),

25



9¢C

"69L-CYL ‘LT ‘20ua108 uonvuiofuy 1po1ydoi3oar)
Jo jouanop ppuoyvuaazuy ‘yoroidde Suresuue parenuwis e :sio0jeredo sidnjnw
Y1 UonRZI[RISUSS dew pajewoIny ‘eg(0z <N ‘SYWOHL PUe gD ‘SANO[ “ JA'[ ‘JdV A\
"RISSNY ‘AMOOSOJA ‘UONDINaS24daY 21dInpy pup uoupZpLaUusy 4o doysyiomM VoI Y107
2y ] UJ ‘WR)SAS UONESI[RISUAT ¥ JO UOISIARI 23 pajmolny oljewoIny ‘£ 007 ©*d “¥dIANVY TV,
"(INOY-@D) uteds ‘eunio)) v ‘aoua.tafuoy) otydp4801407y Uy [iXX
2y} fo s3UIPa22044 UL AINUDD ISTZ SY) UT S, VIAIN UIYNM UOTJeSI[RIdUaD) ‘§007 “"d ‘[ “¥4LOLS
"6S—1€ ‘T "SI 1l SuonIvSUDL]
"sonbiuyo9] sISATeUR JURUTWILOSIP U0 PIsEq SAIMonns JuIp[Ing ueqin Jo UCIBOYISSB[O
a3 Joy yoroidde uy ‘goQz ¥ “1AFIAAL PUR ' (LAAVHOUNY I ‘HONVT] S ‘YIDINIELS
"(URULISD) UT) JOAOUURH JEISISAIU[) ‘udsamsTunssaurap Jumyouyseq
‘sisay) QU ‘u2Sunjjaisiopapnpqary 4231gisgougfols SunSyoIsyondag 1242puosaq
11Ut Ua1vY 43Y0Sdna30dor SUNLISHDIIUID) L2P UODWOMY N7 ‘€1 6T " A “THIENZINV.LS
((uny suongeorjgnd/usuoneyignd o Ayderdores mmm
y3noxy; pazopio oq ue)y) (AydeiSodoy,
JO 0O [eIOpay Pwieg) L] ‘Sa1dag uonwongnd onydp.18014p) "UOTESI[RI2US0)
pue sorqdern) dejy — sdepy oyderSodo], ‘600z ‘AydriSorre)) Jo A12100G SSIMS — ISS
"L68-T1LS ‘61 ‘2oua1ds uonvuiiofuy 1ooydpi30a0y fo (puinop puoyvui2iuf
"uonoRIISqe Blep pue uopeziferauad 10j seyorvoidde uopezuundQ ‘GO07 N ‘IALSES
L€66T 10day TAA-V.LIYL ‘Wogpls *AFojouysa], Jo ymnsuy
[pAOY ‘Anawuiridoloyd pue Asepoan) Jo Jusuniedaq ‘SIsayl (U UAUUOLAUT 42ISDY
v ) mpg ydpido1an?) fo uonvyvieuan) 1of spoytapy puoupndiuo)) ‘g6l 1 OIITIAHOS
"(600T ATenIqay 7 :passadde) 90T
-0)IB00]NE/SUCNEdNqNd/310°SISOLTEY MM (T8 SUTJUO S[E[IBAY "V A\ ‘ISANOJURA ‘9007
OLIVIOLNY {0 s8upaasosg U] 'wa)sAs uonezijeouad e jo apojmoury 2y) Sunepdn
pue 3uraoxdwir 10] SPOYISI ‘900 ‘d “YHIANVTHV L, PUe *D ‘ANJHON( 'V ‘G¥ATAQ 'V ‘Ssvny
*(90URIDG JANAISTH ' [B 19 WepIdSWY) +87-69T
"dd ‘(spH) 1{soxelres " 1T pue seny 'V ‘SSSURNOBIA V' M ‘Suonponddy puv Suijjapopy
omdpa§oravy)y ruonpuLiofu] owydpi8oany fo uonpsyviausn uj “wdipered walsAs juse
-[NW A1) UO paseq wesAs uonesierouas adfiojo1d v CL00Z D ‘ANFHON( PUB VY SV
"L1°9- 1'9 "dd ‘(s1ouely 7 Jo[Ae], uopuoT) ‘(Spd)
Teeus[o] A Pue Yeery ‘[ ‘I ‘(1A ‘9661 HAS JO SUIPaaso1q) ‘Jf 4240259y STO
U1 S22UPAPY U] "UONRBZI[RISUAT pajeuioine J0J soI32eNS ‘G661 D ‘LANVZVIJ pue 'V ‘Svny
"(oua1q ur) 93][BA B SUIRIA] 9P 91ISIOAIU() ‘SISay) (QU ‘2tuouomn p
12 SaquIDAU00 2p 25Dq v sanbrydp 8028 sapuuop ap uolnsyPIAUIE 2P 212POW ‘6661 'V 'SV
"€08-68L ‘T ‘suaisLg uonpuriofuy jpowydni8oan) fo jpumoy jpuotbuaiuy
‘uonesiersuag dew pajewoine Ur JuatwdoR(dsIp SUTp[Ing JOJ POYIdW Y ‘8661 “'V SV
"V {PUBRIHO ‘YonpIypniauary dopy paipuwomny u s83.480.44 uo doysyiom
VOI .6 241 Ul ‘dews 10)204 9182s ()00 06: 1 2dA10)01d B 912510 0) BJEp Q[RDS 95Bq ABAINS
sourupIQO SuIsTjoquIAS pue SUISIRISUSD) ‘90T 'S ‘WOHL PUB "N ‘TTNVYNDHY “d “TTHARY
‘BpRUE)) ‘eMB)() ‘UonmynLuan) dopy paipwomy u) ssa43o4d
uo doysyLop4 v[ U 991019 9} Suturensuod ‘oousnbas oy) Surjopow [uonesI[eIouss
Supring ur sa139eNS ‘6661 © N ‘LINVINVY pue 'V ‘SHOIVMAT “N ‘a1NYNOTY
"EEE-TIE ‘0€ ‘ponuynL08)y
‘uonjezijersuas dew pajewoine ul uones1yidAy Suiping [emIX3U0D) ‘1007 N ‘TTNVNOTY
"€EE—CI € ‘T ‘poypuLIOffoar) "UONRZI[BISUSS QUI| PUE JUSIYOLIUL [opow [ereds
0§ sonbruyoa) Surures] yna syudwinadxy ‘Y661 VYV SYNY pue A "N ‘NI'TO9Ig D ‘IANVZY1]
"CET—6TT ‘9 ‘URIYINYIDN 2YosIydpIS ot
"SID ut uae(y Jeyostyderdodo) Sunasisijereuarn) ayosydeifourey ‘€661 “ ' ‘ZLMOJ



WARE, J M., WILSON, 1.D., and WARE, J A, 2003b, A knowledge based genetic algorithm
approach to automating cartographic generalisation. Knowledge-Based Systems, 16,
295-303

WEIBEL, R. and DUTTON, G., 1998, Constraint-based automated map generalization. In
Proceedings 8th International Symposium on Spatial Data Handling, Vancouver,
Canada, pp. 214-224.

WEIBEL, R., KELLER, S. and REICHENBACHER, T., 1995, Overcoming the knowledge
acquisition bottleneck in map generalization: The role of interactive systems and
computational intelligence. In COSIT’95: Spatial Information Theory, A Theoretical
Basis for GIS, A. Frank and W. Kuhn (Eds), LNCS, 988, (Berlin: Springer Verlag),
pp. 139-156.

WITTEN, LH. and Frank, E., 2005, Data Mining: Practical Machine Learning Tools and
Techniques (San Francisco, CA: Morgan Kaufmann), 2nd edition.

27






