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Abstract 

This paper presents a systematic approach for discovering comprehensible, 
valid, potentially innovative and useful structures in multivariate municipal-
ity data. Techniques from statistics, machine learning and data mining are 
applied in logical consecutive steps. This allows the validation after each 
step and the generation of important results during the investigation. In par-
ticular, the approach does not end with a clustering of the data. If a structure 
has been identified, then the question is posed: what does the cluster mean? 
Symbolic machine learning methods are used to produce an understandable 
description of the clusters in form of classification rules. The approach is 
demonstrated on a data set of nine variables concerning land consumption 
of all municipalities in Germany. Selected results demonstrate the capacity 
of the method. 
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1. Introduction 

The rededication of open space into settlement and transportation area is a 
repeated subject of debate with international scope. In the case of Germany, 
one result of this debate was the formulation of a national program of 
measures created within the context of the national sustainability strategy in 
the year 2002. An essential contribution of scientific work within the polit-
ical discourse is the provision of a better data basis for decision-making pro-
cesses regarding smallest administrative levels. With respect to this a con-
siderable demand exists in the precise quantitative description of land used 
for settlement and transportation purposes at a certain point in time as well 
as its development over years (land consumption) on small scales. Corre-
sponding analyses mainly relate to selected regions of investigation or to 
spatial units on higher administrative levels (e.g. districts, federal states). 
Furthermore, spatially differentiating patterns of land consumption have not 
hitherto been brought out in detail by the use of multiple characteristics con-
cerning land consumption structures. In addition, most of the recent ap-
proaches within this context end with the clustering partition and presenta-
tion of a narrative description of selected properties or spatial relationships  

On account of the growing availability of georeferenced data as well as 
factual data, the opportunities to quantitatively explore characteristics of 
land consumption have clearly improved during recent years and allow mul-
tivariate analyses in high spatial resolutions. Modern methods from statistics 
and computer science subsumed under the labels “data mining” and 
“knowledge discovery” are needed to discover non trivial, novel, valid and 
useful structures in such multidimensional data. The contribution at hand 
seizes on these research needs and proposes a knowledge discovery ap-
proach for smallest administrative units using German municipalities as an 
example. A methodical sequence of steps that serve the detection and expla-
nation of such patterns within multidimensional data is presented. The ap-
proach is demonstrated on a data set describing land consumption properties 
in all 11441 German municipalities. The obtained results comprise a spatial 
presentation of the identified municipality types as well as a description of 
their corresponding specific characteristics. New aspects connected to land 
consumption are regarded through the inclusion of variables such as daytime 
population density and trade taxes.  
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2. Land Consumption Data 

The data used here (LandConsumptionData) consists of values for all 11441 
German municipalities (data valid as of: 31.12.2010). The properties of each 
municipality are specified by 9 variables measured in the year 2000 and the 
year 2010, respectively (see table 1). Land-related data was provided by the 
official land use statistics in Germany. Data uncertainties of this set are 
discussed, for example, in Deggau 2008, Destatis 2013 and Krüger et al. 
2013. Not land-related data include statistics on employees at the place of 
residence as well as place of work, on population numbers, on housing stock 
and on trade tax. This data was provided by the Federal Institute for 
Research on Building, Urban Affairs and Spatial Development. 

Table 1. List of variables concerning land consumption (LandConsumptionData) 

Variable Description Unit 

[1] land consump-
tion 2000 

Settlement and transportation area in propor-
tion to the municipal area 

% 

[2] land consump-
tion 2010 

Settlement and transportation area in propor-
tion to the municipal area 

% 

[3] daytime popula-
tion density 2000 

Daytime population number in proportion to 
the area for buildings and associated open 
spaces 

Persons 
/ha 

[4] daytime popula-
tion density 2010 

Daytime population number in proportion to 
the area for buildings and associated open 
spaces 

Persons 
/ha 

[5] trade tax 2000 Municipal taxation revenue per resident Euro / 
person 

[6] trade tax 2010 Municipal taxation revenue per resident Euro / 
person 

[7] inhabitants 2000 Amount of inhabitants persons 

[8] inhabitants 2010 Amount of inhabitants persons 

[9] Municipal Area 
2010 

Municipal area ha 

Data sources: Federal Statistical Office (variables [1] to [4] and [9]) 
and  
Federal Institute for Research on Building, Urban Affairs 
and Spatial Development (variables [5] to [8]) 
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3. Methodological Steps towards Knowledge Discovery 

This chapter presents a structured approach to data mining, aiming at the 
identification of patterns in the data concerning land consumption on small-
est administrative units in Germany. The proposed approach follows a se-
quence of distinctive steps. To ensure the correctness of each step a valida-
tion should be performed before proceeding to the next step. The analysis 
starts at the investigation of single variables and proceeds with the calcula-
tion of dynamics, i.e. the change of the values over one decade, towards the 
classification and clustering of the data. The following step of our data min-
ing is the generation of possible explanations for the identified types of 
changes. At each of these steps new knowledge can eventually be detected. 
The approach is described by using the variable ‘land consumption’ as an 
example. 

3.1 Individual Variables 

The first step in the investigation of complex patterns in data is the analysis 
of each variable on its own. This starts with an assumption of the basic type 
of distribution for each single variable, usually given by the nature of the 
data (De Gruijter et al. 2006). Probably the most common assumption is that 
the variable is Gauss (Normal) distributed. This is a consequence from the 
„central limit theorem” (e.g. Rice 1995). In order to analyze the distribution 
of single variables the majority of studies in the research field of land con-
sumption uses histograms provided as default method in Geographical In-
formation Systems (e.g. BBR 2003, Job and Pütz 2006, Fina and Siedentop 
2008). However, it is crucial how many bins have been used and where the 
range of the bins starts (Scott 1979). More systematic approaches to inves-
tigate the type of the distribution of a variable are to use two visualization 
tools: the quantile/quantile plot (QQplot) and a Pareto Density Estimation 
(PDE) of the probability density function. A QQplot compares two distribu-
tions by plotting their quantiles against each other. If the two distributions 
are of the same type the QQplot is a straight line. If the distribution is not a 
Gaussian and right skewed it is useful to apply a set of standard transfor-
mations given by Tukey’s „ladder of power“ (Tukey 1977).  
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The Pareto Density Estimation (PDE) is a second visualization tool that 
is particularly designed to detect different components of a distribution 
(Ultsch 2005). Fig.1 shows the PDEplot of the log10 of LandConsumption 
in the year 2010 (LogLandConsumption2010). By fitting a Gaussian (red in 
Fig. 1) to the distribution, it can be concluded that in first approximation 
LogLandConsumption2010 is LogNormal distributed (Limpert et al. 2001). 
The deviation of the PDE (blue in Fig. 1) at the sides of this central Gauss-
ian, however, suggests additional components. Such components can be es-
timated, for example, as a sum of component distributions. The components 
of such a mixture model are investigated in more detail when classifying the 
changes of all variables (section 3.3). It could be determined that all the 9 
variables in the LandConsumptionData (see Table 1) are in first approxima-
tion LogNormal distributed. 

3.2 Measuring Changes 

One major focus of our approach is the comparison of the year 2010 to the 
year 2000, i.e. the characterization of the dynamics of the variables over a 
time period. In particular for the investigation of land consumption, relative 
percent change (RPC) is often used in Germany (Stadler 1979, Siedentop 
and Kausch 2004, Betzhold 2006, Dech and Kausch 2009, BBSR 2012, 

Fig. 1. PDEplot of LogLandConsumption2010 (blue) with a central Gaussian (red)
(own computations) 
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Bieling et al. 2013) and also in international projects (Fulton et al. 2001, Ma 
and Xu 2010, Shrestra et al. 2012). The usage of RPC is, however, problem-
atic in several aspects: the range is not symmetric (i), RPC ranges from -
100% to +infinity, the temporal combination of RPC is unexpected (ii) and 
RPC has some other numerical problems (iii) (Ultsch 2009). In this study 
the measure “relative difference” (RelDiff) is used. It relates the change of 
a variable v (∆v) to the average of v0 (at the time t0)) and v1 (at a later time 
t1). RelDiff(v) = 100*∆v /mean(v), where mean(v) = 0.5*(v0 + v1). RelD-
iff(v) has a symmetric range from -200 to 200. For the range of -25% to 25% 
RelDiffs are practically (up to a negligible error) equivalent to RPCs (Ultsch 
2009). 

An important consideration with respect to the change of a variable v in 
land consumption over time is the dependence of RelDiff(v) on the magni-
tude of v. To address this question a RAplot is used. The RAplot depicts the 
RelativeDifferences R (RelDiff(v)) vs the logarithm of the average A 
(log(mean(v)) of the variables. The RAplot is similar to the MAplot used to 
analyze microarry data in genetics (Dudoit et al. 2002). Fig. 2 shows the 
RAplot for the dynamics of LandConsumption. The linear interpolation (red 
in Fig. 2) shows that for the LandConsumption the change is practically in-
dependent of the magnitude of LandConsumption. However, the variance of 
RelDiffLandConsumption decreases with larger LandConsumption. 

 

 
Fig. 2.  RAplot of the change in LandConsumption, red is a linear interpolation 
(own computations) 
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3.3 Classifying Changes 

A first qualitative exploration of the variables used here is derived from a 
closer inspection of the distributions using again the Pareto Density Estima-
tion (PDE) (see section 3.1). If the variable under consideration is not a sim-
ple Gaussian, a sum of components (modes) is fitted to the probability den-
sity function. As components for the dynamics of land consumption 
(RelDiffs) a central Gaussian distributions (N) and two peripheral LogNor-
mal (LN) distributions are used. Fig. 3 shows such a mixture model for the 
dynamics of the variable RelDiffLandConsumption. It can be seen that the 
relative differences follow a central Gaussian with a mean of 4.7%. This 
gives the expected value of land consumption dynamics from the years 2000 
to 2010. The tails of the distribution can be modeled appropriately using 
LogNormal (LN) distributions. The validity of such a model can be assessed 
using statistical testing, for example, the chi-squared test. A QQplot allows 
also to judge the suitability of the model (see section 3.1). 
 

 
 
Fig. 3. PDEplot of RelDiff of LandConsumption (blue) with a three component 
model consisting of one central Gaussian and two LogNormal distributions for the 
tails (black). The combined model is shown in red. Decision Boundaries are in ma-
genta. The mean of the central Gaussian is marked in green (own computations) 
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With such a model Bayes’ theorem (e.g. Lee 2012) can be used to calcu-
late posterior probabilities and also to calculate decision boundaries for a 
classification of the variable. This allows the classification of the variable 
RelDiffLandConsumption into three meaningful classes. The classification 
boundaries (-5.6 and 11.3) are at the intersections of the probability density 
functions of the model (vertical lines in Fig. 3). This model has a straight 
forward interpretation: the majority of 72% (i.e. the prior probability of the 
central component) of the change in land consumption is “as expected”. “As 
expected” means an increase in land consumption of m=4.7% with a stand-
ard deviation of s =3.8%. This follows from the central Gaussian component 
N (4.7, 3.8). A subset of 26% of the changes in land consumption is, how-
ever, “higher than expected”, which means they are larger than 11.3% and 
follow a LogNormal distribution LN (17.5, 8.5). A subset of 2% of the 
changes in land consumption are “lower than expected”, i.e. less than -5.6, 
and follow a negative LogNormal distribution LN (- 10, 7.5).  

The Bayes posteriors can be used for a qualitative scaling of the variables: 
the difference (DP) between the posterior of the right component minus the 
left component scales the values to the interval -100 to 100, such that DP is 
-100(100), when the variable clearly belongs to the left (right) component. 
DP is 0 when the variable clearly belongs to the central component of the 
model. Fig. 4 right shows this qualitative scale for changes in land consump-
tion; class memberships are indicated by colors. 
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3.4 Exploring Structures in More Dimensions 

The essential prerequisite for any analysis of high dimensional data is the 
definition of a valid distance (similarity, dissimilarity) between each of the 
cases. Typically Euclidean Distances are used as similarity function on the 
data in land consumption as well as settlement development studies, for ex-
ample, in Frenkel 2004, Dech and Klein 2009 or Kroll and Haase 2010. 
However, several problems are posed by the unreflected usage of Euclidean 
Distances as a dissimilarity measurement. At first, it must be validated that 
the dimensions are not correlated. Non-correlations could be verified for all 
variables used in this study.  A second concern when using Euclidean Dis-
tances is the scaling of the data. The rescaling to a qualitative scale (DP) as 
described in the last chapter has a large advantage: differences in the data 
that are clearly within one of the three classes are zero, since for such values 
the DP values are either -100, 0 or 100 (see Fig. 4 right panel).  Therefore 
the Euclidean Distance on all the qualitative scaling of the variables using 
Bayes’ posterioris measured in percent (QualitativeDistance), reflects per-
fectly the inner vs inter similarities of the different classes (“less than ex-
pected”, “as expected” and “higher than expected”). 

3.5 Classifying and Clustering 

The component modeling of the relative differences enabled to assign three 
classes in each of the four dimensions of the DynamicData (land consump-
tion, daytime population density, trade tax, inhabitants). This allows a total 
of 34 = 81 different classes. In the DynamicData only 75 classes are present. 
Of these the largest 6 classes contain more than 300 municipalities in Ger-
many which contain in summary 8346 (73%) of all municipalities. For the 
remaining 69 classes containing 3095 municipalities a clustering using the 
QualitativeDistance described above has been performed. A Ward hierar-
chical clustering (Ward 1963) produced a dendrogram that suggests the ex-
istence of 5 clusters of patterns in the dynamics of land consumption. To-
gether with the six classes it amounts to a total of 11 different types of 
patterns in the dynamics of land consumption in Germany from 2000 to 
2010. 

3.6 Explaining Land Consumption Changes 

The answer to the question, what the types mean, is easy for the types that 
correspond to a single pattern of classes in the four dimensions of the Dy-
namic Data. Type 1, for example, represents those municipalities that follow 
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the average trend in all respects. The types of municipalities that have been 
generated by the clustering process (see section 3.5) contain a mixture of 
patterns of land consumption dynamics. To also understand these types a 
symbolic classifier can be used. Symbolic classifiers make use of explicit 
rules to classify the data. In our example we used CART (Breiman et al. 
1984) on the clustering and extracted the rules from the decision tree of 
CART.  

4. Results 

This paper concentrates on the methodical approach to data mining and 
knowledge discovery, however we would like to present some results and 
thereby concentrate on the spatial distribution and meaning of the identified 
patterns. With the approach presented above, each of the 11 types shown in 
Fig. 5 can be given a meaning. Table 2 presents selected results focussing 
on such types of municipalities identified by the classification process.  

Table 2. Description of selected types of changes in land consumption between 
2000 and 2010 (L = land consumption, D = daytime population density, T = trade 
tax, I = inhabitants; * = ‘as expected’, + = ‘more than expected’, – = ‘less than 
expected’) 

Type Nr. Classified changes Description 

 L D T I  
1 * *  *  *  Common dynamics 
2 + *  *  *  Progressive land consumption 
3 * *  *  - Rapidly shrinking municipalities 
4 * *  + *  Increasing role of trade tax revenues 
5 * *  - *  Diminishing role of trade tax revenues 
6 + - *  *  Towards considerable inefficiency of land use 

 
The largest identified type contains those municipalities (n = 4844) with 

all changes in “as expected” range. The expected changes are characterized 
by the mean and standard deviation of the central Gaussian: land consump-
tion (m=4.7%, s=3.8%), daytime population density (m= -2.7%, s=10.2%), 
trade tax (m=47.5%, s=47.1%) and inhabitants (m= -0.8%, s=5.8%). This 
type is called “Common Dynamics” and is mostly located in the western 
parts of Germany (type 1). In contrast to some previous studies denoting the 
core areas of German agglomerations as ‘hot spots’ of land consumption 
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(e.g. Siedentop and Kausch 2004), Fig. 5 illustrates that most urban regions 
and their close vicinities developed ‘as expected’ between 2000 and 2010.  

The second largest type containing 1343 municipalities deviates from the 
first class only in that respect that changes in land consumption are higher 
than expected. Such municipalities are therefore labelled as “Progressive 
land consumption” (type 2). It can be seen, that the problem of land con-
sumption is obvious in the extended surroundings of urban areas or in pe-
ripheral regions. Progressive land consumption occurs in all federal states 
of Germany concentrating outside densely populated core cities and their 
vicinities. A similar development can be observed for some municipalities 
in rural areas of Bavaria, Rhineland-Palatinate, North Rhine-Westphalia and 
Schleswig-Holstein (type 6). These municipalities (n = 342) differ from type 
2 only with regard to the development of their daytime population density. 
For type 6 the daytime population density was lower than expected. There-
fore type 10 can be referred to as municipalities “Towards considerable in-
efficiency of land use” 

The fifth largest type of municipalities (n = 706) is characterized by losses 
in population higher than expected (type 3) and therefore is labelled as “Rap-
idly shrinking municipalities”. Under the assumption that all variables are 
independent from each other, it can be calculated how many municipalities 
are expected for each of the 75 classes and whether the observed class pop-
ulation deviates from this. Under the independency assumption type 3 
should contain only 85 municipalities. The fact that this type exceeds the 
expected amount by more than ten times indicates an important trend. Such 
municipalities are almost exclusively located in former East German federal 
states. In view of a sustainable and sufficient use of land, particular attention 
needs to be paid at the adapted proportion of area supply and demand in 
such municipalities.  

Further remarkable results refer to municipalities summarized by types 4 
and 5, which are characterized by opposing developments in trade tax reve-
nues. While type 4 (n = 589) contains municipalities with increases in trade 
tax revenues higher than expected, type 5 (n = 552) is composed of munici-
palities with increases in trade tax revenues lower than expected. The latter 
municipalities with a “Diminishing role of trade tax revenues” mainly occur 
in former West German federal states whereas municipalities with “Increas-
ing role of trade tax revenues” can be found throughout the country. Direct 
relations between the amount of collected trade taxes and the intensity or 
productivity of land use cannot be derived. Nevertheless, the recognition of 
such so far unknown structures in municipal data is useful in order to obtain 
a deeper understanding of influential factors of land consumption processes 
through future detailed analyses (see section 5). 
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A method of giving a meaningful interpretation to the remaining types of 
municipalities identified by the clustering process is elaborated for our ap-
proach (see section 3.6). To give an example, the characteristics of a munic-
ipality belonging to type 7 are as follows: 

• change in Land Consumption    is high         AND  (i)  
• change in Daytime Population Density is low        AND (ii)  
• change in Trade Taxes          is high          AND (iii)  
• change in Inhabitants         is low      (iv)  

Thus type 7 consists of municipalities with a consumption of land and 
trade tax revenues per capita mostly higher than average. The population 
related variables (daytime population and inhabitants) show that these mu-
nicipalities are experiencing an above average loss in the number of people. 
Such municipalities could be called “More trade taxes, less open space and 
people”. The municipalities of this type occur in peripheral regions and con-
centrate in the eastern federal states such as Saxony, Thuringia, Schleswig-
Holstein, Brandenburg, Mecklenburg-West Pomerania and Saxony-Anhalt. 
For a deeper understanding of the other four clusters descriptions should be 
elaborated in a similar way.  

As has been described by Siedentop and Kausch 2004, German federal 
states having a strong administrative fragmentation as in Rhineland-Palati-
nate, Schleswig-Holstein and Thuringia, are characterized by a disperse land 
consumption pattern without noticeable spatial principle of order. The con-
siderable mixture of different types of municipalities in these states empha-
sizes that the described approach classifies and clusters municipalities inde-
pendently from the size of their administrative area.  

5. Discussion 

Land consumption is often observed or discussed as a whole regarding the 
entire settlement and transportation area (BMVBS and BBSR 2009, German 
National Strategy of Biological Diversity, Sustainability Strategy of the 
Federal Government). However it is well-known that the qualitative devel-
opment of land consumption and urban form is not understood sufficiently 
in this way (BMVBS and BBR 2007). Furthermore, repeated calls have been 
made for increased investigation into issues of the multi-scale characteristics 
of land consumption systems as well as their temporal dynamics and the 
multi-scale effects of influential factors (Jörissen and Coenen 2007, 
BMVBS and BBSR 2009, Hersperger and Bürgi 2009). Spatial differentia-
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tion and process description might promote the extraction of specific regu-
larities, influential factors and indicators of land consumption. For example, 
it is relevant to analyze the structure and development of settlement and 
population (e.g. inhabitants, population density, settlement density, daytime 
population density, buildings under construction etc.) as well as important 
economical and socio-spatial parameters related to land consumption devel-
opment (e.g. place of residence or work, financial strength of the public sec-
tor, attractiveness as a commercial location, number of commuters etc.). 
Against this background the identification and explanation of land consump-
tion types is an important task (ESPON 2012, BMVBS and BBSR 2009). 

The objective of this contribution was the presentation of a systematic 
step-by-step approach to data mining, starting from the raw data and ending 
with the discovery of some new data structures, which have been subjected 
to rigorous (statistical) testing. One advantage of this approach is the evalu-
ation of interim results after each step. Any evaluation of results can be re-
alized best through an interdisciplinary collaboration of computer science 
(data mining) and the spatial sciences.  

Selected variables concerning land consumption are analyzed in high spa-
tial resolution on the level of municipalities. The investigation of each vari-
able on its own leads to an understanding of the general type of the distribu-
tion. One advantage is the discovery of different types of municipalities on 
the basis of a close data inspection. For example the distribution of land 
consumption could be described by a mixture of three components. When 
measuring changes in land consumption data relative difference (RelDiff) is 
presented as a superior index to common relative percent change measure-
ments. For example the numerical values of RelDiff have a straight forward 
interpretation. Relative differences are numerically stable. In contrast to rel-
ative percent change the compensation for variance is much easier for Rel-
Diff. When analyzing characteristics of variables in high dimensional space 
in former studies of land consumption, the selection of suitable distance 
measurements is often not regarded in its importance for the clustering. It 
should be emphasized that before using Euclidean Distances the correlation, 
scale and distributions of the variables need an intensive analysis to obtain 
valid clustering results. In this paper a qualitative scaling of the variables 
using Bayes’ posterioris (QualitativeDistance) reflects perfectly the inner vs 
inter similarities of the different classes (“less than expected”, “as expected” 
and “higher than expected”). A combined clustering and classification ap-
proach of all German municipalities could be carried out. Nearly three quar-
ters of the German municipalities (n = 8346) could be described by the six 
largest classes that are formed on the basis of the qualitative modelling of 
the variables. To obtain a concise view, a clustering has been performed for 
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the remaining municipalities. This resulted in the identification of five addi-
tional types of land consumption changes. 

Usually other approaches end with a clustering. This paper goes an im-
portant step further. The knowledge discovery approach implies a continu-
ous and ongoing search for appropriate abstractions (e.g. “More trade taxes 
less open space and people” or “Progressive land consumption”). Such a 
meaningful description of structures is supported by machine generated ex-
planations. The extraction of knowledge is therefore based on specific data 
properties and a deeper multidimensional description of land consumption 
characteristics as well as human interpretations or subsequent validations in 
mind of the involved spatial expert. The presented approach demonstrates 
how the applied processes help to understand variables separately and how 
to understand multivariate structures. The process of generating abstractions 
is presented in an exemplary way.  

6. Conclusion 

This paper demonstrates the scope and opportunities of a knowledge discov-
ery approach applied to spatial data. It aims at the identification of structures 
in data concerning land consumption processes on the level of German mu-
nicipalities. To find such structures the analysis proceeds step by step from 
the (1) separate inspection of all variables in the dataset and (2) the calcula-
tion and inspection of their changes over one decade to (3) a classification 
and clustering as well as (4) the generation of possible explanations as well 
as the assignment of semantics for the identified structures. As a result not 
only the clustering but also every single methodological step serves as a ba-
sis for the extraction of new and useful knowledge. The presented approach 
produces a map showing 11 types of dynamics in land consumption data. 
The investigation and mapping of the spatial distributions of variables asso-
ciated with land consumption is essential in particular for the application of 
supporting monitoring systems as well as for the investigation of land con-
sumption drivers. The analysis of factors potentially influencing the struc-
tures presented in this paper is going to be focused on in another publication 
soon coming up. 
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