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ABSTRACT

Assessing the impact of input data incongruity in selected quantitative methods for modelling
natural landscape typologies

With supervised classification methods, we can determine classification rules for landscape types of exist-
ing landscape typologies. In this article, we analyse whether supervised classification methods could also
define adequate rules for landscape types determination in the case of poorly designed typologies. We tried
to model two Slovenian intentionally distorted natural landscape typologies. We noted that due to the incon-
gruity of the distorted typologies, decision tree methods were not capable of forming rules for determination
of landscape types. Although we did manage to create modelled distorted typologies with minimum dis-
tance to means method, maximum likelihood method, and k-nearest neighbours method, they matched
the basic distorted typology only slightly.
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IZVLECEK

Preverjanje vpliva nesmiselnosti vhodnih podatkov pri izbranih kvantitativnih metodah za modeliranje
naravnopokrajinskih tipizacij

Z metodami nadzorovane klasifikacije lahko za obstojece naravnopokrajinske tipizacije dolo¢imo klasi-
fikacijska pravila za posamezne pokrajinske tipe. V prispevku razpravijamo, ali bi tudi v primeru zelo slabo
zasnovanih tipizacij z metodami nadzorovane klasifikacije lahko izdelali dovolj natancna pravila za dolocanje
pokrajinskih tipov. Poskusili smo modelirati dve namenoma popaceni naravnopokrajinski tipizaciji
Slovenije. Opazili smo, da zaradi nesmiselnosti popacenih tipizacij metode odlocitvenih dreves sploh niso
bile sposobne izdelati pravil za dolocanje pokrajinskih tipov. Z metodami najmanjse razdalje, najvecje ver-
jetnosti in k najbliZjih sosedov pa smo sicer uspeli izdelati modelirane popacene tipizacije, a so se te z 0snovno
popaceno tipizacijo le malo ujemale.

KLJUCNE BESEDE

geografija, geografski informacijski sistemi, modeli, pokrajinska klasifikacija, Slovenija
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1 Introduction

1.1 Theoretical background of the research study

The determination of natural landscape types has a long tradition in Slovenia (Melik 1946;
Perko 1998; Spes et al. 2002; Perko, Hrvatin and Cigli¢ 2015; Perko and Zorn 2016; see also Perko, Hrvatin,
and Cigli¢ 2017), as well as globally (i.e., Olson et al. 2001; Miicher et al. 2010). During the analysis of
the landscapes, the authors pointed out the numerous challenges present in the process of landscape
classification (Gams 1986; Miicher et al. 2003; Bailey 2004). One of the challenges is also the absence
of a general agreement on the perception of the term landscape. Udo de Haes and Klijn (1994) point-
ed out that an ecosystem may be defined as an abstract notion or as an actually recognisable object. In
order for the units to actually be identified, Bailey (1996, 4) states that ecosystems as geographic land-
scape units include all natural features and may thus be identified and delimited with boundaries. On
the contrary, Gams (1978, 15) states that »any region delimited by a line on the map is an unnatural and
artificial formation that serves only as a means for determining differences. «

Confirmation of the existence of natural landscape types is significant, since different computer
algorithms, which enable the modelling of previously formed typologies, are available. We can observe
different cases of assessment of landscape classifications (Breskvar Zaucer and Marusi¢ 2006; Strand 2011).
The analyses (Cigli¢ 2012; 2014; Kokalj and Ostir 2013; Cigli¢ and Perko 2015) of two Slovenian nat-
ural landscape typologies (Perko 1998; Spes et al. 2002) have shown that both typologies, although they
were formulated with a manual determination of boundaries, are of sufficient quality and can be mod-
elled with quantitative methods.

Here, the question arises whether in the case of poorly designed or random typologies supervised
classification methods, which are often used in landscape analysis (e.g. decision trees, minimum dis-
tance to means method, maximum likelihood method, and k-nearest neighbours method), could even
result in the formation of models. We came across a study on the effectiveness of methods in geographical
analyses performed on simulated data (Belbin and McDonald 1993). Each method has its own spe-
cific advantages and disadvantages, and each yields different results.

The article aims to determine the effectiveness of methods for modelling typologies, even if the typolo-
gies in question were created without taking into account their natural landscape background, i.e.,
completely at random. With an experiment on the case of Slovenia, we will check how certain meth-
ods perform in the case of random, in some instances also incongruous natural landscape typologies.
In this manner, we will be able to assess the impact of methods on the result of the modelling. For the
purpose of this experiment, two original natural landscape typologies were distorted — the first accord-
ing to Perko (1998) and the second according to Spes et al. (2002).

1.2 Terminology

In the article, longer terms are used to differentiate among categories of typologies:
« original (natural landscape) typology - this term refers to the two original typologies; these are the
typologies of Slovenia according to Perko (1998) and Spes et al. (2002),
« (basic) distorted (natural landscape) typology - this term refers to intentionally distorted origi-
nal natural landscape typologies that were used to model the incongruous typologies of Slovenia,
« modelled distorted (natural landscape) typology - this term designates any typology that was cre-
ated by the supervised classification method based on the basic distorted natural landscape typology.
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2 Methodology

2.1 Original natural landscape typologies

The article is based on the analysis of natural landscape typologies by Perko (1998) and Spes et al.
(2002).
Perko determined 9 types:
« Alpine mountains (type code is 1.1),
Alpine hills (1.2),
Alpine plains (1.3),
« Pannonian low hills (2.1),
Pannonian plains (2.2),
Dinaric plateaus (3.1),
Dinaric lowlands (3.2),
o Mediterranean low hills (4.1),
o Mediterranean plateaus (4.2).
Spes et al. (2002) determined 13 types:
+ mountains (type code is 1),
« wide river valleys in mountains, hills and in karst areas (2),
« high karst plateaus and hills in carbonate rocks (3),
« hills in non-carbonate rocks (4),
« inter-mountain basins (5),
o low hills in the inner part of Slovenia (6),
« the plains and wide valleys in the area of low hills of the inner part of Slovenia (7),
« poljes (8),
o the low karst of the regions of Notranjska and Dolenjska (9),
« the low karst of the region of Bela Krajina (10),
Kras and Podgorje karst (11),
the low hills in the Primorska region of Slovenia (12),
« wide valleys and coastal plains in the Primorska region of Slovenia (13).
In the interest of clarity, the natural landscape typology by Perko (1998) was named TIPI9, while
the ecological landscape typology by Spes et al. (2002) was named TIPI13.

2.2 Preparation of distorted natural landscape typologies

First, we rasterized both original natural landscape typologies. The resolution of the raster layer
was 200 m (506,450 cells). This amount of cells can still be processed by usual computer equipment.
Than we randomly redistributed both original typologies and thereby also the selection of random learn-
ing cells across the space (Figure 1). With both, we preserved all the types in the same ratio and with
the same number of cells, as the cells were just randomly redistributed. In this way, we acquired a dis-
torted (random or incongruous) typology. The redistribution was performed with SPSS software. We
expected the distorted typologies to not reach the same scores and modelling success rates as the orig-
inal typologies.

The original TIPI9 typology corresponded with the distorted typology in 15.1%, which is equal to
the calculation of the theoretical agreement. The original TIPI13 typology corresponded with its dis-
torted typology in 13.1%, which is close to the calculation of the theoretical agreement (13.4%). Random
agreement between the original and the distorted typology is proof of both typologies being appro-
priately distorted.
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original typology/ basic distorted typology/

Figure 1: Outline of the formation of the distorted typology (right) with a random redistribution of the
original typology cells (left).

2.3 Data layers for modelling

For the purposes of modelling we selected four data layers, which had proved to be adequate in
previous studies, having already been conducive to relatively successful original typology modelling
(e.g. Cigli¢ and Perko 2015). These data layers are: elevation (original unit: meter), slope (degree), pre-
cipitation regime (ratio), and rock permeability (level of permeability) (Figure 2). All of the data layers
were prepared at a resolution of 200 m and standardised by linear transformation between minimum
and maximum values to a scale of 0-100.

2.4 Modelling and evaluation of distorted typologies

For the modelling of distorted typologies we tested out four types of the decision-tree method, the
minimum distance to means method, the maximum likelihood method, and the k-nearest neighbours
method (Table 1). The models were created based on a random sample, which encompassed 2,000 train-
ing cells from each type. This means that 18,000 cells (3.6% of the total number of cells) were used in
the modelling of Perko’s (1998) distorted classification, and 26,000 cells (5.1% of all cells) were used
with the distorted classification by Spes et al. (2002).

We evaluated the modelled distorted typologies by calculating the correlation between the mod-
elled distorted typology and the explanatory data layers, as well as the correlation between the basic
distorted typology and the modelled distorted typology, taking into account all (and not only the learn-
ing) cells. If the modelling based on a congruous baseline typology was successful, the correlation between
the modelled distorted typology and the explanatory data layers should be as high as possible. Also
the correlation between the modelled distorted typology and the basic distorted typology should be
as high as possible. We determined correlations between the typology and the explanatory variables
by using information gain, the gain ratio, and the eta? coefficient. Correlations between typologies were
determined using the kappa coefficient and the Cramer coefficient of correlation. The modelled dis-
torted typologies were also verified with a discriminant analysis.

Figure 2: Selected data layers for modelling. » p. 120
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Table 1: Supervised classification methods used in the study. Modelling was performed using SPSS and

Idrisi/Terrset software.

Method

Settings

Method description
(source)

decision tree, SPSS version with
the Gini coefficient measure

10 layers, 100 units in internal nodes, 50 units
in external nodes, minimal improvement of
the Gini coefficient: 0.0001, pruning SE = 1

Lin, Noe and He 2006

decision tree, Idrisi/Terrset pruning (nodes with less than 1% Eastman 2015

version with the gain ratio of cells within the type)

measure

decision tree, Idrisi/Terrset pruning (nodes with less than 1% Eastman 2015

version with the Gini of cells within the type)

coefficient measure

decision tree, Idrisi/Terrset pruning (nodes with less than 1% Eastman 2015

version with the gain ratio of cells within the type)

measure

minimum distance to means distance type is not additionally standardised, = McCoy 2005;
maximum distance is not limited Eastman 2015

maximum likelihood the same a priori probability for each type, Richards 1986;
the minimum likelihood for classificationis 0 Eastman 2015

k-nearest neighbours the number of k-neighbours is 30, the highest ~ Kononenko
permitted value of cells from individual and Kukar 2007;
categories was 2000 training cells Eastman 2015

3 Results and discussion

We noted that due to the incongruity of the basic distorted typology, decision tree methods did not
construct rules at all; namely, the computer programme didn’t find suitable classification rules and the
algorithm stopped. With the minimum distance to means method, the maximum likelihood method,
and the k-nearest neighbours method, however, we were able to design rules for the distorted TIPI9
typology (Figure 3, Table 2), as well as the distorted TIPI13 typology (Figure 4, Table 3). Moreover, it
should be noted that when modelling the TIPI13 typology by the minimum distance to means method,
only 12 of the 13 types were recognised.

Figure 3: Modelled distorted TIPI9 typologies following successful supervised classification.
> p. 122

Figure 4: Modelled distorted TIPI13 typologies following successful supervised classification.
» p. 123
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Table 2: Share of types according to the basic distorted TIPI9 typology and according to individual
modelled distorted TIPI9 typologies.

Type code Share of area (%)

Basic distorted Modelled distorted TIPI9 typologies

TIPS typology k-nearest Maximum Minimum distance

neighbours likelihood to means

1.1 15.1 14.9 12.6 245
1.2 23.0 14.3 4.1 34
1.3 4.0 12.0 32 0.6
2.1 14.8 11.1 12.5 3.6
2.2 6.4 10.4 38.1 20.3
3.1 18.8 9.9 35 6.3
32 94 9.2 6.4 <0.1
4.1 5.2 9.4 13.6 27.9
42 33 8.8 6.0 13.4
Total 100.0 100.0 100.0 100.0

Table 3: Share of types according to the basic distorted TIPI13 typology and according to individual
modelled distorted TIPI13 typologies.

Type code Share of area (%)
Basic distorted Modelled distorted TIPI13 typologies
TIPI13 typology ] o ]
k-nearest Maximum Minimum distance
neighbours likelihood to means

1 8.3 12.1 3.7 3.6

2 3.6 11.8 4.6 0.3

3 17.7 9.8 9.0 19.5

4 22.4 8.8 13.5 28.5

5 6.2 8.5 22.2 2.0

6 16.2 7.6 124 /

7 8.8 7.4 9.7 0.4

8 44 6.2 2.3 6.7

9 54 5.7 5.7 <0.1

10 1.6 6.2 34 5.8

11 2.5 6.1 0.1 <0.1

12 1.7 4.6 44 6.6

13 1.2 5.1 9.0 26.6
Total 100.0 100.0 100.0 100.0
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3.1 Analysis of TIPI9 results

A review of the correlation between the modelled distorted typologies and the data layers (Table 4)

showed that, according to several evaluation criteria, the two modelled distorted typologies created by
the minimum distance to means method and the maximum likelihood method have considerably high-
er correlation rates than the basic distorted typology and the modelled distorted typology created by
the k-nearest neighbours algorithm. A higher correlation rate means that the types are formed in such
a way as to better fit the numeric values of data layers. The share of appropriately classified types fol-
lowing verification by discriminant analysis also showed that the aforementioned methods yielded the
more congruous models (Table 5).

Table 4: Evaluation of TIPI9 typologies according to their correlation with individual data layers.

Typology Information Information Eta’
gain (bit) gain ratio coefficient
basic distorted typology 0.00 0.00 0.00
modelled distorted typology created 0.04 0.01 0.00
L by the k-nearest neighbours method
= modelled distorted typology created 0.55 0.10 0.50
by the maximum likelihood method
modelled distorted typology created 0.55 0.11 0.43
by the minimum distance to means method
] basic distorted typology 0.00 0.00 0.00
‘B modelled distorted typology created 0.09 0.01 0.01
L
o by the k-nearest neighbours method
2 modelled distorted typology created 0.71 0.09 0.54
*g: by the maximum likelihood method
3 modelled distorted typology created 0.87 0.11 0.65
A by the minimum distance to means method
o basic distorted typology 0.00 0.00 0.00
= modelled distorted typology created 0.05 0.01 0.00
g by the k-nearest neighbours method
g modelled distorted typology created 0.65 0.20 0.35
:f- by the maximum likelihood method
2 modelled distorted typology created 1.17 0.35 0.73
~ by the minimum distance to means method
basic distorted typology 0.00 0.00 0.00
modelled distorted typology created 0.06 0.01 0.01
g by the k-nearest neighbours method
§ modelled distorted typology created 0.61 0.11 0.47
= by the maximum likelihood method
modelled distorted typology created 0.56 0.10 0.41

by the minimum distance to means method
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Table 5: Evaluation of TIPI9 typologies based on all the data layers simultaneously using discriminant
analysis.

Typology Share (%) of cells that are classified correctly
according to the discriminant analysis
Basic distorted typology 7.5
Modelled distorted typology created by the k-nearest 14.2
neighbours method
Modelled distorted typology created by the maximum 67.1
likelihood method
Modelled distorted typology created by the minimum 72.5

distance to means method

When evaluating the modelled distorted typologies, we also had to ask ourselves how successful-
ly we approached the baseline, i.e., the basic distorted typology. For this purpose, we compared the
modelled distorted typologies with the basic distorted typology, calculated the kappa coefficient and
the Cramer coefficient (Table 6), and subsequently also compared the number of cells that were clas-
sified the same within the basic distorted typology and an individual modelled distorted typology (Table 7).

Table 6: Kappa coefficients and Cramer coefficients for the comparison of individual modelled distorted
typologies with the basic distorted TIPI9 typology.

Modelled distorted typology Cramer coefficient Kappa coefficient (%)

Modelled distorted typology created 0.006 (stat. sig, p=0,001) 0.04 (stat. sig, p=0,001)
by the k-nearest neighbours method

Modelled distorted typology created 0.004 (not stat. sig,) 0.0 (not stat. sig,)
by the maximum likelihood method

Modelled distorted typology created 0.004 (not stat. sig,) 0.0 (not stat. sig,)

by the minimum distance to means method

Table 7: Correspondence of modelled distorted typologies with the basic distorted TIPI9 typology.

Modelled distorted typology Share of all cells (%) Share of training cells (%)
Modelled distorted typology created 12.2 211
by the k-nearest neighbours method
Modelled distorted typology created 9.4 11.8
by the maximum likelihood method
Modelled distorted typology created 9.4 11.7

by the minimum distance to means method

We found agreement with the basic distorted typology to be extremely low, which means that the
modelled distorted typologies differ considerably from what they should be similar to. The Cramer coef-
ficient, the kappa coefficient, and the share of identically classified cells were low in all cases; they were
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lowest with those modelled distorted typologies that were created by the maximum likelihood method
and the minimum distance to means method. This means that methods have a way of »imposing« their
own structure on the model; the lower the correspondence, the more the structure of a certain method
is imposed. Some higher values in the evaluation of modelled distorted typologies based on data layers
are actually due to methods classifying cells according to certain rules, while basically imposing their own
structure with regard to data layers and without taking into account the basic distorted typology.

A lesser consideration of the basic distorted typology and the imposition of the inherent structure
of an individual method are a consequence of the distorted TIPI9 typology being completely random
and non-objective, and therefore not suitable for adequate modelling.

3.2 Analysis of results TIPI13

In the evaluation regarding the connection to data layers (Table 8), the modelled distorted typolo-
gies TIPT13 by using the method of minimum distance to means and the method of maximum likelihood

Table 8: Evaluating typologies TIPI13 on the basis of connection with data layers.

Typology Information Information Eta?
gain (bit) gain ratio coefficient

Basic distorted typology 0.00 0.00 0.00

Modelled distorted typology created 0.05 0.01 0.00

L by the k-nearest neighbours method

= Modelled distorted typology created 0.62 0.12 0.42
by the maximum likelihood method
Modelled distorted typology created by the 0.55 0.11 0.43
minimum distance to means method (12 types!)

) Basic distorted typology 0.00 0.00 0.00
b Modelled distorted typology created 0.09 0.01 0.00

= by the k-nearest neighbours method

S Modelled distorted typology created 0.69 0.09 0.41
% by the maximum likelihood method
S Modelled distorted typology created by the 0.80 0.10 0.59
& minimum distance to means method (12 types!)

o Basic distorted typology 0.00 0.00 0.00
= Modelled distorted typology created 0.05 0.02 0.01
g by the k-nearest neighbours method

g Modelled distorted typology created 0.77 0.23 0.30
E« by the maximum likelihood method

9 Modelled distorted typology created by the 1.40 0.43 0.83
= minimum distance to means method (12 types!)

Basic distorted typology 0.00 0.00 0.00
Modelled distorted typology created 0.07 0.01 0.49

g by the k-nearest neighbours method
§ Modelled distorted typology created 0.71 0.12 0.33
= by the maximum likelihood method

Modelled distorted typology created by the 0.56 0.10 0.47

minimum distance to means method (12 types!)
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are evaluated better than the modelled distorted typology using the method k-nearest neighbours, and
the basic distorted typology. Since the minimum distance to means method also »enforces« its struc-
ture, the evaluation scores are relatively good; however (as will be seen in the second part of the article),
this is why the model does not correspond to the basic distorted TIPI13 typology. The share of ade-
quately classified cells after performing the discriminant analysis has shown that the model according
to the method of minimum distance to means proved to be the most adequate (Table 9).

Table 9: Evaluating typologies TIPI13 on the basis of all data layers simultaneously using discriminant
analysis.

Typology Share (%) of cells that are classified
correctly according to the discriminant analysis
Basic distorted typology 3.7
Modelled distorted typology created by the k-nearest 7.4
neighbours method
Modelled distorted typology created by the maximum 50.2
likelihood method
Modelled distorted typology created by the minimum 76.4

distance to means method (12 types!)

In the modelling of the distorted TIPI13 typology, we also noted slightly higher scores for mod-
elled typologies using certain methods (in particular, the method of minimum distance to means). Since
we considered this to be a similar feature as with TIPI9, we continued the analysis also in this case and
calculated how effectively the modelled distorted typologies connect to the basic distorted TIPI13 typol-
ogy (Tables 10 and 11).

Table 10: Kappa coefficient and Cramer’s coefficient for the comparison of modelled distorted typologies
with the basic distorted TIPI13 typology (“ we manually changed one cell’s type from 8 to 6, in order for
all types to be represented and to be able to calculate the kappa coefficient;  statistically significant at
Pp<0.001;  statistically not significant).

Modelled distorted typology Cramer coefficient Kappa coefficient (%)
Modelled distorted typology created 0.009° 0.5°
by the k-nearest neighbours method
Modelled distorted typology created 0.005¢ 0.0¢
by the maximum likelihood method
Modelled distorted typology created by the 0.005¢ 0.1¢

minimum distance to means method (12 types!)®

According to the number of types, the agreement of the modelled and the original distorted typol-
ogy is, as expected, even smaller than in the case of the analysis of TIPI9. The Cramer’s coefficient, the
kappa coefficient, and the share of equally classified cells are very low. In comparison to all the cells,
the share of equally classified cells is very low in all modelled typologies (app. 10%) and is mostly a result
of a random agreement. Some higher values of connection to data layers are actually the consequence
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Table 11: Agreement of modelled distorted typologies with basic distorted TIPI13 typology.

Modelled distorted typology Share of all cells (%) Share of training cells (%)
Modelled distorted typology created 9.0 17.0
by the k-nearest neighbours method
Modelled distorted typology created 10.0 8.5
by the maximum likelihood method
Modelled distorted typology created by the 11.2 8.1

minimum distance to means method (12 types!)

of the fact that the methods classify the cells relatively well according to certain rules, but at the same
time impose their own structure.

A smaller consideration of the basic distorted original typology and imposing own structure of an
individual method are a consequence of the fact that the distorted TIPI13 typology is actually not proper
and does not enable adequate modelling.

3.3 Comparison of results with previous research studies

By comparing the results of modelling the distorted typologies to the results, acquired with mod-
elling the original (undistorted!) typologies, it can be seen that the agreements in modelling the originals
were substantially higher. In modelling TIPI9 on the basis of a 3.6% learning sample, four explanato-
ry data layers, and different classification methods, all the tools were able to determine the rules, with
the agreement between the original typology and its model being between 51% (method of minimum
distance to means) and 75% (method of k-nearest neighbours) (Cigli¢ 2014; Cigli¢ and Perko 2015).
In modelling TIPI9 on the basis of a 1.0% learning sample, six explanatory data layers, and the method
of random forests, a 94% agreement was achieved (Cigli¢ et al. 2017). In modelling TIPI13 on the basis
of a 5.1% learning sample, four explanatory data layers, and different classification methods, the rules
were set by all the methods, with the agreement between the original typology and its model being between
47% (method of minimum distance to means) and 69% (method of k-nearest neighbours) (Cigli¢ 2014).
In modelling TIPI13 on the basis of a 100.0% learning sample, different combinations of data layers,
and the decision tree method, the agreement between the original typology and its model ranged from
71.2% to 79.5% (Cigli¢ 2012). All the cases show a much higher agreement than the modelling of dis-
torted classifications. All the tools formed the classification rules, meaning that the original classifications
TIPI9 and TIPI13 are not random and are designed with a high degree of objectivity, since they can
be confirmed by different quantitative models.

The modelling of distorted typologies has shown that some methods (different decision tree algo-
rithms) cannot prepare classification rules if input data is incongruous or illogical. Some methods
(minimum distance to means, maximum likelihood, k-nearest neighbours) indeed managed to form
a modelled distorted typology; however, it was entirely different than its baseline.

This means that by using the supervised classification methods we can model features (in this case
landscape types) for which the data of sufficient quality is available. If not, the rule »garbage in, garbage
out«is applied, meaning that bad data (input into a model) cannot lead to congruous or useful results
(output from a model). Due to these findings, caution is advised when using classification methods,
making sure that results are checked in different ways.
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4 Conclusion

The article addresses the capability of prediction of certain supervised classification methods. We
tried to assess the results deriving from different supervised classification methods, if they are used
for modelling a random or incongruously based classification. For this purpose, we distorted two nat-
ural landscape typologies of Slovenia and tried to determine logical classification rules for them by using
different methods.

We noted that certain methods (decision tree method) cannot confirm random or incongruous clas-
sifications even to the lowest extent, since the algorithm is not capable of finding logical classification
rules and clearly determined types. Certain methods are indeed capable of modelling a classification,
but only to the extent where the entire agreement between the original and the model can be attrib-
uted merely to a coincidence. It is important to emphasise that certain methods, which we checked
(foremost the method of minimum distance to means), produce visually relatively logical natural land-
scape types, however, these come as a result of »enforcing« the method’s own structure, which produces
a typology entirely different than the original. Due to the mentioned findings, it is suggested the results
be checked in several ways. Both compositions of modelling distorted typologies (TIPI9 and TIPI13)
led us to similar conclusions. Distorted typologies can objectively be regarded as inadequate, since:

« by using certain methods, we were not able to produce a model due to the incongruity of distorted
typology,

« produced modelled distorted typologies did not comply with the basic distorted typology despite some
relatively positive scores from the perspective of correlation with the explanatory data layers.

Checking the modelling of distorted classifications can be helpful for studying the characteristics
of geoinformation tools or for familiarising with their operation, since the user is given the informa-
tion about which supervised classification method enforces its own structure more and which method
fits the learning data better (even though the data is bad or distorted). This way a user with a repre-
sentative database can use the methods that can fit the learning data better. Otherwise he should try
out different methods and compare results.
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PREVERJAN]JE VPLIVA NESMISELNOSTI VHODNIH
PODATKOV PRI IZBRANIH KVANTITATIVNIH METODAH
ZA MODELIRANJE NARAVNOPOKRAJINSKIH TIPIZACI)

1 Uvod
1.1 Teoreti¢no ozadje raziskave

Dolo¢anje naravnopokrajinskih tipov ima v Sloveniji dolgo tradicijo (Melik 1946; Perko 1998; Spes
in sodelavci 2002; Perko, Hrvatin in Cigli¢ 2015; 2017; Perko in Zorn 2016), prav tako tudi drugod po
svetu (na primer Olson in sodelavci 2001; Miicher in sodelavci 2010). Ob analizah pokrajine so avtorji
opozarjali na $tevilne izzive, ki so prisotni pri procesu delitve pokrajine na posamezne enote (Gams
1986; Miicher in sodelavci 2003; Bailey 2004). Eden izmed izzivov je tudi odsotnost splosnega dogo-
vora o dojemanju pokrajine. Udo de Haes in Klijn (1994) sta izpostavila, da je lahko ekosistem definiran
kot abstrakten pojem ali pa kot dejansko prepoznaven objekt. Da so enote dejansko lahko prepozna-
ne, trdi Bailey (1996, 4), ki pravi, da ekosistemi kot geografske enote pokrajine vkljucujejo vse naravne
pojave in so lahko prepoznani in zamejeni z mejami. Gams (1978, 15) pa nasprotno trdi, da »... je vsa-
ka regija z omejeno ¢rto na karti nenaravna, umetna tvorba in rabi samo kot sredstvo ugotavljanja razlik .. .«.

Zato je tudi preverjanje obstoja naravnopokrajinskih tipov ena izmed pomembnih prvin, saj so ze
dalj ¢asa na voljo razli¢ni ra¢unalniski algoritmi, ki omogocajo modeliranje Ze izdelanih tipizacij. Tako
lahko zasledimo razli¢ne primere tovrstnega preverjanja pokrajinskih klasifikacij (Breskvar Zaucer in
Marusi¢ 2006; Strand 2011). Analize (Cigli¢ 2012; 2014; Kokalj in Ostir 2013; Cigli¢ in Perko 2015),
ki obravnavajo dve slovenski naravnopokrajinski tipizaciji (Perko 1998; Spes in sodelavci 2002), so po-
kazale, da sta obe, kljub temu, da sta bili narejeni z ro¢nim dolo¢anjem meja, dovolj kakovostni in ju
je mogoce modelirati s kvantitativnimi metodami.

Na tem mestu se sprasujemo, ali bi v primeru zelo slabo zasnovanih oziroma naklju¢nih tipizacij
metode nadzorovane klasifikacije, ki so pogosto uporabljene v pokrajinskih analizah (na primer odlo¢it-
vena drevesa, metoda najvedje verjetnosti, metoda k najblizjih sosedov, metoda najmanjse razdalje),
sploh lahko izdelale modele. Zasledili smo namre¢ preizkus, kako se obnesejo metode v geografskih
analizah, ki jih avtorji opravijo na simuliranih podatkih (Belbin in McDonald 1993). Vsaka metoda
ima dolocene prednosti in slabosti, ponudijo pa tudi razli¢ne rezultate.

V prispevku Zelimo preveriti, kako se obnesejo metode za modeliranje tipizacij, tudi ¢e so te nare-
jene povsem brez upo$tevanja kakr$nega koli naravnogeografskega ozadja, torej povsem naklju¢no.
S poskusom smo na primeru Slovenije preverili, kako se metode obnasajo v primeru naklju¢nih, lah-
ko bi dejali tudi nesmiselnih naravnopokrajinskih tipizacij. Tako bomo lahko ocenili, kaksen je vpliv
samih metod na rezultat modeliranja. Za ta preizkus smo popacili dve izvirni naravnopokrajinski ti-
pizaciji - po Perku (1998) ter Spesovi in sodelavcih (2002).

1.2 Terminologija

V prispevku uporabljamo dalj$e izraze za lo¢evanje med vrstami tipizacij:
« izvirna (naravnopokrajinska) tipizacija - s tem izrazom oznacujemo izvirni tipizaciji; to sta tipizaciji
Slovenije po Perku (1998) ter po Spesovi in sodelavcih (2002),
« (osnovna) popacena (naravnopokrajinska) tipizacija — s tem izrazom oznacujemo namerno popaceni
izvirni naravnopokrajinski tipizaciji, ki sta sluzili za modeliranje nesmiselnih tipizacij Slovenije,
« modelirana popacena (naravnopokrajinska) tipizacija - s tem izrazom oznacujemo vsako tipizacijo,
ki je bila narejena z metodo nadzorovane klasifikacije na podlagi osnovne popacene izvirne tipizacije.
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2 Metodologija
2.1 Izvirni naravnopokrajinski tipizaciji

Prispevek smo zasnovali na analizi naravnopokrajinskih tipizacij po Perku (1998) ter Spesovi in
sodelavcih (2002). Perko je dolo¢il 9 tipov:
« alpska gorovja tip (oznaka tipa je 1.1),
« alpska hribovja (1.2),
o alpske ravnine (1.3),
« panonska gric¢evja (2.1),
o panonske ravnine (2.2),
« dinarske planote (3.1),
o dinarska podolja in ravniki (3.2),
o sredozemska gricevja (4.1),
« sredozemske planote (4.2).
Spesova in sodelavci (2002) pa so dolocili 13 tipov:
« visokogorski svet (oznaka tipa je 1),
« SirSe re¢ne doline v visokogorju, hribovju in na krasu (2),
« visoke kraske planote in hribovja v karbonatnih kamninah (3),
« hribovja v pretezno nekarbonatnih kamninah (4),
« medgorske kotline (5),
« griCevje v notranjem delu Slovenije (6),
« ravnine in $ir§e doline v gri¢evju notranjega dela Slovenije (7),
« kragka polja in podolja (8),
« nizki kras Notranjske in Dolenjske (9),
« nizki kras Bele krajine (10),
o Kras in Podgorski kras (11),
o gric¢evje v primorskem delu Slovenije (12),
« SirSe doline in obalne ravnice v primorskem delu Slovenije (13).
Zaradi preglednosti smo naravnopokrajinsko tipizacijo po Perku (1998) poimenovali TIPI9, pokra-
jinskoekologko tipizacijo po Spesovi in sodelavcih (2002) pa TIPI13.

2.2 Priprava popacenih naravnopokrajinskih tipizacij

Najprej smo izvirni tipizaciji rasterizirali. Locljivost rastrskega sloja je bila 200 m, kar predstavlja
506.450 celic in §e omogoca analize z obi¢ajno racunalni$ko opremo. Nato smo obe izvirni tipizaciji in
s tem tudi nabor naklju¢nih u¢nih celic naklju¢no prerazporedili po prostoru (slika 1). Pri obeh smo
ohranili vse tipe v enakem razmerju in z enakim §tevilom celic, celice smo le naklju¢no prerazporedi-
li. Na ta na¢in smo dobili osnovno popaceno (naklju¢no ali nesmiselno) tipizacijo. Prerazporeditev je
bila narejena s pomocjo programa SPSS. Za popaceni tipizaciji pri¢cakujemo, da ne bosta dosegli taksnih
ocen in uspe$nosti modeliranja kot pa izvirni tipizaciji.

Izvirna tipizacija TIPI9 se je s popaceno razli¢ico ujemala v 15,1 %, kar je enako izracunu teore-
ti¢nega ujemanja. Izvirna tipizacija TIPI13 se je s svojo popaceno razli¢ico ujemala v 13,1 %, kar je blizu
izra¢unu teoreti¢nega ujemanja (ta je 13,4 %). Naklju¢no ujemanje med izvirno in osnovno popaceno
tipizacijo je dokaz, da smo tipizaciji ustrezno popacili.

Slika 1: Shema izdelave osnovne popacene tipizacije (desno) z nakljucno prerazporeditvijo celic izvirne
tipizacije (levo).
Glej angleski del prispevka.
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2.3 Podatkovni sloji za modeliranje

Za modeliranje smo izbrali $tiri podatkovne sloje, ki so se v preteklih raziskavah pokazali za us-
trezne in so z njimi izvirne tipizacije Ze razmeroma uspe$no modelirali (na primer Cigli¢ in Perko 2015).
Ti podatkovni sloji so: nadmorska visina (osnovna enota: meter), naklon (stopinja), padavinski rezim
(padavinsko razmerje) in prepustnost kamnin (stopnja prepustnosti) (slika 2). Vsi podatkovni sloji so
bili pripravljeni v lo¢ljivosti 200 m ter standardizirani z linearno transformacijo med minimalno in mak-
simalno vrednostjo na vrednostno lestvico 0-100.

Slika 2: Izbrani podatkovni sloji za modeliranje.
Glej angleski del prispevka.

2.4 Modeliranje in vrednotenje popacenih tipizacij

Za modeliranje popacenih tipizacij smo preizkusili §tiri vrste metod odlo¢itvenih dreves, metodo
najmanjse razdalje, metodo najvecje verjetnosti in metodo k najblizjih sosedov (preglednica 1). Mo-
dele smo izdelali na naklju¢nem vzorcu, v katerem smo zajeli po 2000 u¢nih celic iz vsakega tipa. To
pomeni, da smo pri Perkovi (1998) popaceni klasifikaciji za izdelavo modela uporabili 18.000 celic (3,6 %
vseh celic), pri popaceni klasifikaciji Spesove in sodelavcev (2002) pa 26.000 celic (5,1 %).

Preglednica 1: Metode nadzorovane klasifikacije, ki smo jih uporabili v raziskavi. Modeliranje smo
izvedli v programih SPSS in Idrisi/Terrset.

metoda nastavitve opis metode (vir)
odlocitveno drevo, razli¢ica SPSS  deset ravni, 100 enot v notranjih vozlis¢ih, Lin, Noe in He 2006
z mero Ginijev koeficient 50 enot v zunanjih vozli§¢ih, minimalno

izbolj$anje Ginijevega koeficienta: 0,0001,
obrezovanje/pruning SE=1)

odlocitveno drevo, razlicica obrezovanje (vozli¢a z manj kot 1% celic v tipu) Eastman 2015
Idrisi/Terrset z mero razmerje
informacijskega prispevka

odlocitveno drevo, razlicica obrezovanje (vozlis¢a z manj kot 1% celic v tipu) Eastman 2015
Idrisi/Terrset z mero Ginijev

koeficient

odlocitveno drevo, razlicica obrezovanje (vozli¢a z manj kot 1% celic v tipu) Eastman 2015

Idrisi/Terrset z mero
informacijski prispevek

metoda najmanjse razdalje tip razdalje ni dodatno standardiziran, McCoy 2005;
najdalj$a razdalja ni omejena Eastman 2015

metoda najvecje verjetnosti enake apriorne verjetnosti za vsak tip, Richards 1986;
minimalna verjetnost za Klasifikacijo je 0 Eastman 2015

metoda k najblizjih sosedov $tevilo sosedov k je 30, najvisje dovoljeno Kononenko
$tevilo celic iz posamezne kategorije je in Kukar 2007;
bilo 2000 u¢nih celic Eastman 2015
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Dobljene modelirane popacene tipizacije smo ovrednotili tako, da smo na podlagi vseh celic (ne
le u¢nih celic!) izracunali povezanost med modelirano popaceno tipizacijo in pojasnjevalnimi podat-
kovnimi sloji ter povezanost med modelirano popaceno tipizacijo in osnovno popaceno tipizacijo. Ob
uspesnem modeliranju na podlagi smiselne izhodis¢ne tipizacije, bi morala biti povezanost med mo-
delirano popaceno tipizacijo in pojasnjevalnimi podatkovnimi sloji ter med modelirano popaceno
tipizacijo in osnovno popaceno tipizacijo ¢im vecja. Povezanosti med tipizacijo in pojasnjevalnimi spre-
menljivkami smo ugotavljali z informacijskim prispevkom, razmerjem informacijskega prispevka ter
koeficientom eta?. Povezanost med tipizacijami pa smo ugotavljali s koeficientom kappa in Cramer-
jevim koeficientom povezanosti. Modelirane popacene tipizacije smo preverili tudi z diskriminan¢no
analizo.

3 Rezultati in diskusija

Opazili smo, da zaradi nesmiselnosti osnovne popacene tipizacije metode z odlo¢itvenimi dreve-
si sploh niso uspele izdelati pravil; racunalniski program namre¢ ni nasel ustreznih klasifikacijskih pravil
in algoritem se je ustavil. Z metodami najmanjse razdalje, najvecje verjetnosti in k najblizjih sosedov
pa smo pravila uspeli izdelati za popaceno tipizacijo TIPI9 (slika 3, preglednica 2) in tudi za popaceno
tipizacijo TIPI13 (slika 4, preglednica 3). Tu je treba $e opozoriti, da je bilo pri modeliranju tipizacije
TIPI13 po metodi najmanjse razdalje prepoznanih samo 12 od 13 tipov!

Slika 3: Modelirane popacene tipizacije TIPI9 po uspelih metodah nadzorovane klasifikacije.
Glej angleski del prispevka.

Slika 4: Modelirane popacene tipizacije TIPI13 po uspelih metodah nadzorovane klasifikacije.
Glej angleski del prispevka.

Preglednica 2: Delez tipov po osnovni popaceni tipizaciji TIPI9 in po posameznih modeliranih
popacenih tipizacijah TIPIO.

oznaka delez povrsja (%)
tipa
popacena tipizacija modelirane popacene tipizacije
k najblizjih sosedov najvecja verjetnost najmanjsa razdalja

1.1 15,1 14,9 12,6 24,5
1.2 23,0 14,3 4,1 34
1.3 4,0 12,0 3,2 0,6
Al 14,8 11,1 12,5 3,6
22 6,4 10,4 38,1 20,3
3.1 18,8 9,9 3,5 6,3
3.2 9,4 9,2 6,4 <0,1
4.1 52 9,4 13,6 27,9
4.2 3,3 8,8 6,0 13,4
skupaj 100,0 100,0 100,0 100,0
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Preglednica 3: Delez tipov po osnovni popaceni tipizaciji TIPI13 in po posameznih modeliranih
popacenih tipizacijah.

oznaka delez povrsja (%)
tipa

popacena tipizacija modelirana popacene tipizacije

k najblizjih sosedov najvecja verjetnost najmanjsa razdalja

1 8,3 12,1 3,7 3,6
2 3,6 11,8 4,6 0,3
3 17,7 9,8 9,0 19,5
4 224 8,8 13,5 28,5
5 6,2 8,5 22,2 2,0
6 16,2 7,6 12,4 /
7 8,8 7,4 9,7 0,4
8 4,4 6,2 23 6,7
9 5,4 5,7 5,7 <0,1
10 1,6 6,2 3,4 5,8
11 2,5 6,1 0,1 <0,1
12 1,7 4,6 44 6,6
13 1,2 5,1 9,0 26,6
skupaj 100,0 100,0 100,0 100,0

3.1 Analiza rezultatov TIPI9

Pri pregledu povezanosti modeliranih popacenih tipizacij s podatkovnimi sloji (preglednica 4), smo
opazili, da modelirani popaceni tipizaciji po metodi najmanjse razdalje in metodi najvecje verjetno-
sti dosegata precej vi$je povezanosti po ve¢ nacinih vrednotenja kot pa osnovna popacena tipizacija in
modelirana popacena tipizacija po metodi k najblizjih sosedov. Visja povezanost pomeni, da so tipi ob-
likovani tako, da bolje ustrezajo $tevilskim vrednostim podatkovnih slojev, in se zato s podatkovnimi
sloji bolje povezujejo. Delez ustrezno klasificiranih po preverjanju z diskriminan¢no analizo je prav
tako pokazal, da sta omenjeni metodi naredili bolj smiselna modela (preglednica 5).

Pri vrednotenju modeliranih popacenih tipizacij se moramo tudi vprasati, kako uspesno smo se
priblizali izhodi$¢u, torej osnovni popaceni tipizaciji. Zato smo primerjali modelirane popacene tipiza-
cije in osnovno popaceno tipizacijo ter izracunali koeficient kappa in Cramerjev koeficient (preglednica 6),
nato pa smo primerjali tudi, koliko celic je enako klasificiranih v osnovni popaceni tipizaciji in posa-
mezni modelirani popaceni tipizaciji (preglednica 7).

Ugotovili smo, da je ujemanje z osnovno popaceno tipizacijo izredno majhno, kar pomeni, da se
modelirane popacene tipizacije precej razlikujejo od tistega, cemur bi morale biti podobne. Cramerjev
liranih popacenih tipizacijah po metodah najvecje verjetnosti in najmanjse razdalje. To pomeni, da metode
»vsilijo« svojo strukturo; manj$e kot je ujemanje, bolj vsiljena je dolo¢ena struktura metode.

Nekatere visje vrednosti vrednotenja modeliranih popacenih tipizacij na podlagi podatkovnih slo-
jev so dejansko posledica tega, da metode klasificirajo celice po doloc¢enih pravilih, a dejansko vsilijo
svojo strukturo glede na podatkovne sloje in ne upostevajo izhodi$¢ne popacene tipizacije.

Manjse upostevanje osnovne popacene tipizacije in vsiljevanje lastne strukture posamezne meto-
de, sta posledici dejstva, da je popacena tipizacija TIPI9 dejansko povsem naklju¢na, neobjektivna in
zato ne omogoca zadovoljive stopnje modeliranja.
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Preglednica 4: Vrednotenje tipizacij TIPI9 na podlagi povezanosti s posameznimi podatkovnimi sloji.

tipizacija informacijski razmerje koeficient
prispevek (bit)  informacijskega eta’
prispevka
osnovna popacena tipizacija 0,00 0,00 0,00
modelirana popacena tipizacija 0,04 0,01 0,00
g z metodo k najblizjih sosedov
% modelirana popacena tipizacija 0,55 0,10 0,50
z metodo najvecje verjetnosti
modelirana popacena tipizacija 0,55 0,11 0,43
z metodo najmanjge razdalje
osnovna popacena tipizacija 0,00 0,00 0,00
;g modelirana popacena tipizacija 0,09 0,01 0,01
= z metodo k najblizjih sosedov
'é modelirana popacena tipizacija 0,71 0,09 0,54
= z metodo najvedje verjetnosti
"3 modelirana popacena tipizacija 0,87 0,11 0,65
z metodo najmanjse razdalje
k= osnovna popacena tipizacija 0,00 0,00 0,00
E modelirana popacena tipizacija 0,05 0,01 0,00
£ z metodo k najblizjih sosedov
g modelirana popacena tipizacija 0,65 0,20 0,35
E z metodo najvecje verjetnosti
g modelirana popacena tipizacija 1,17 0,35 0,73
o z metodo najmanjge razdalje
- osnovna popacena tipizacija 0,00 0,00 0,00
| modelirana popacena tipizacija 0,06 0,01 0,01
5 z metodo k najblizjih sosedov
“ modelirana popacena tipizacija 0,61 0,11 0,47
g z metodo najvecje verjetnosti
'§ modelirana popacena tipizacija 0,56 0,10 0,41

z metodo najmanjge razdalje

Preglednica 5: Vrednotenje tipizacij TIPI9 na podlagi vseh podatkovnih slojev hkrati z diskriminancno

analizo.

tipizacija

delez pravilno klasificiranih celic
po diskriminanéni analizi (%)

osnovna popacena tipizacija

modelirana popacena tipizacija z metodo k najblizjih sosedov
modelirana popacena tipizacija z metodo najvecje verjetnosti
modelirana popacena tipizacija z metodo najmanjse razdalje

7,5
14,2
67,1
72,5
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Preglednica 6: Izracunani koeficienti kappa in Cramerjevi koeficienti za primerjavo posameznih
modeliranih popacenih tipizacij z osnovno popaceno tipizacijo TIPI9.

modelirana popacena tipizacija Cramerjev koeficient koeficient kappa (%)

modelirana popacena tipizacija 0,006 (stat. znacilen p=0,001) 0,04 (stat. znacilen p=0,001)
z metodo k najblizjih sosedov

modelirana popacena tipizacija 0,004 (ni stat. znacilno) 0,0 (ni stat. znacilno)
z metodo najvecje verjetnosti

modelirana popacena tipizacija 0,004 (ni stat. znacilno) 0,0 (ni stat. znacilno)
z metodo najmanjse razdalje

Preglednica 7: Ujemanje modeliranih popacenih tipizacij z osnovno popaceno tipizacijo TIPI9.

modelirana popacena tipizacija delez enako Kklasificiranih delez enako Klasificiranih
celic od vseh celic (%) uénih celic (%)
modelirana popacena tipizacija 12,2 21,1

z metodo k najblizjih sosedov

modelirana popacena tipizacija 9,4 11,8
z metodo najvecje verjetnosti

modelirana popacena tipizacija 9,4 11,7
z metodo najmanjse razdalje

3.2 Analiza rezultatov TIPI13

Pri vrednotenju glede na povezanost s podatkovnimi sloji (preglednica 8) sta modelirani popaceni
tipizaciji po metodi najmanj$e razdalje in po metodi najve¢je verjetnosti ocenjeni bolje kot modelirana
popacena tipizacija po metodi k najblizjih sosedov ter osnovna popacena tipizacija. Ker metoda naj-
manjse razdalje tudi »vsili« svojo strukturo, so ocene relativno dobre, a (kot bomo videli v nadaljevanju)
se model zato ne ujema z osnovno popaceno tipizacijo TIPI13. Delez ustrezno Klasificiranih celic po
preverjanju z diskriminanc¢no analizo je pokazal, da se je model po metodi najmanjsih razdalj prav tako
izkazal kot najbolj ustrezen (preglednica 9).

Tudi pri modeliranju popacene tipizacije TIPI13 smo za modelirane tipizacije po nekaterih meto-
dah (predvsem po metodi najmanjse razdalje) dobili nekoliko visje ocene. Ker sklepamo, da gre za
podoben pojav kot pri TIPI9, smo tudi tukaj nadaljevali analizo in izra¢unali, kako dobro se modeli-
rane popacene tipizacije povezujejo z osnovno popaceno tipizacijo TIPI13 (preglednici 10 in 11).

Ujemanje modelirane in izvirne popacene tipizacije je glede na $tevilo tipov pri¢akovano $e manjse
kot v primeru analize TIPI9. Cramerjev koeficient, koeficient kappa in delez enako klasificiranih ce-
lic so zelo nizki. Delez enako klasificiranih celic glede na vse celice je zelo majhen pri vseh modeliranih
tipizacijah (okrog 10 %) in je predvsem rezultat naklju¢nega ujemanja. Nekatere visje vrednosti pove-
zanosti s podatkovnimi sloji so dejansko posledica dejstva, da metode klasificirajo celice po dolo¢enih
pravilih relativno dobro, a vsilijo svojo strukturo.

Manjse upostevanje izhodi$¢ne osnovne popacene tipizacije in vsiljevanje lastne strukture posa-
mezne metode sta posledici tega, da je popacena tipizacija TIPI13 dejansko slaba oziroma neobjektivna
ter ne omogoca ustreznega modeliranja.
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Preglednica 8: Vrednotenje tipizacij TIPI13 na podlagi povezanosti s podatkovnimi sloji.

tipizacija informacijski razmerje koeficient
prispevek (bit)  informacijskega eta’
prispevka
osnovna popacena tipizacija 0,00 0,00 0,00
modelirana popacena tipizacija 0,05 0,01 0,00
g z metodo k najblizjih sosedov
= modelirana popacena tipizacija 0,62 0,12 0,42
= z metodo najvecje verjetnosti
modelirana popacena tipizacija 0,55 0,11 0,43
z metodo najmanjge razdalje (12 skupin!)
osnovna popacena tipizacija 0,00 0,00 0,00
;g modelirana popacena tipizacija 0,09 0,01 0,00
& z metodo k najblizjih sosedov
'% modelirana popacena tipizacija 0,69 0,09 0,41
> z metodo najvedje verjetnosti
% modelirana popacena tipizacija 0,80 0,10 0,59
z metodo najmanjse razdalje (12 skupin!)
= osnovna popacena tipizacija 0,00 0,00 0,00
E modelirana popacena tipizacija 0,05 0,02 0,01
£ z metodo k najblizjih sosedov
2 modelirana popacena tipizacija 0,77 0,23 0,30
*g z metodo najvecje verjetnosti
g modelirana popacena tipizacija 1,40 0,43 0,83
. z metodo najmanjse razdalje (12 skupin!)
osnovna popacena tipizacija 0,00 0,00 0,00
g modelirana popacena tipizacija 0,07 0,01 0,49
TE z metodo k najblizjih sosedov
e modelirana popacena tipizacija 0,71 0,12 0,33
g z metodo najvecje verjetnosti
'?é modelirana popacena tipizacija 0,56 0,10 0,47

z metodo najmanjge razdalje (12 skupin!)

Preglednica 9: Vrednotenje tipizacij TIPI13 na podlagi vseh podatkovnih slojev hkrati z diskriminancno
analizo.

tipizacija delez pravilno klasificiranih celic
po diskriminanéni analizi (%)

osnovna popacena tipizacija 3,7
modelirana popacena tipizacija z metodo k najblizjih sosedov 74
modelirana popacena tipizacija z metodo najvecje verjetnosti 50,2
modelirana popacena tipizacija z metodo najmanjse razdalje (12 skupin!) 76,4
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Preglednica 10: Koeficient kappa in Cramerjev koeficient za primerjavo posameznih modeliranih
popacenih tipizacij s popaceno tipizacijo TIPI13 (* rocno smo eni celici spremenili tip iz 8 v 6 zato,
da so bili zastopani vsi tipi in je bilo mogoce izracunati koeficient kappa; ® statisticno znacilno pri
Pp<0,001; ©ni statisticno znacilno).

modelirana popacena tipizacija Cramerjev koeficient koeficient kappa (%)

modelirana popacena tipizacija 0,009 0,5°
z metodo k najblizjih sosedov

modelirana popacena tipizacija 0,005¢ 0,0
z metodo najvedje verjetnosti

modelirana popacena tipizacija 0,005¢ 0,1°
z metodo najmanjse razdalje (12 skupin!)?

Preglednica 11: Ujemanje modeliranih popacenih tipizacij z osnovno popaceno tipizacijo TIPI13.

modelirana popacena tipizacija delez enako Kklasificiranih delez enako klasificiranih
celic od vseh celic (%) uénih celic (%)
modelirana popacena tipizacija 9,0 17,0

z metodo k najbliZjih sosedov

modelirana popacena tipizacija 10,0 8,5
z metodo najvecje verjetnosti

modelirana popacena tipizacija 11,2 8,1
z metodo najmanjse razdalje (12 skupin!)

3.3 Primerjava rezultatov s predhodnimi raziskavami

Ob primerjavi rezultatov modeliranj popacenih tipizacij z rezultati modeliranj, ki so bili dobljeni
z modeliranjem izvirnih (nepopacenih!) tipizacij, lahko ugotovimo, da so bila ujemanja pri modelira-
nju izvirnikov precej vecja. Pri modeliranju TIPI9 na temelju 3,6 % uc¢nega vzorca, $tirih pojasnjevalnih
podatkovnih slojev in razli¢nih klasifikacijskih metod so prav vsa orodja uspela dolo¢iti pravila, uje-
manje med izvirno tipizacijo in njenim modelom pa je bilo od 51 % (metoda najmanjse razdalje) do
75 % (metoda k najblizjih sosedov) (Cigli¢ 2014; Cigli¢ in Perko 2015). Pri modeliranju TIPI9 na te-
melju 1,0 % uc¢nega vzorca, $estih pojasnjevalnih podatkovnih slojev in metode naklju¢nih gozdov je
bilo dosezeno ujemanje 94 % (Cigli¢ in sodelavci 2017). Pri modeliranju TIPI13 na temelju 5,1 % u¢nega
vzorca, §tirih podatkovnih slojev in razli¢nih klasifikacijskih metod so pravila uspela dolo¢iti prav vse
metode, ujemanje med izvirno tipizacijo in njenim modelom pa je bilo od 47 % (metoda najmanjse
razdalje) do 69 % (metoda k najblizjih sosedov) (Cigli¢ 2014). Pri modeliranju TIPI13 na temelju 100,0 %
uénega vzorca, razli¢énih kombinacij podatkovnih slojev in metode odlo¢itvenega drevesa je bilo uje-
manje med izvirno tipizacijo in njenim modelom od 71,2 % do 79,5 % (Cigli¢ 2012). V vseh primerih
gre torej za precej viSje ujemanje, kot pri modeliranju popacenih klasifikacij. Klasifikacijska pravila so
izdelala prav vsa orodja, kar pomeni, da izvirni klasifikaciji TIPI9 in TIPI13 nista naklju¢ni in sta na-
rejeni s precej$njo mero objektivnosti, saj ju lahko potrdimo z razliénimi kvantitativnimi modeli.

Modeliranje popacenih tipizacij je pokazalo, da nekatere metode (razni algoritmi odloc¢itvenih dre-
ves) ne morejo pripraviti klasifikacijskih pravil, ¢e so vhodni podatki nesmiselni oziroma nelogi¢ni.
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Nekatere metode (najmanjsa razdalja, najvedja verjetnost, k najblizjih sosedov) so sicer uspele pripra-
viti modelirano popaceno tipizacijo, a je bila ta povsem drugacna od svojega izvirnika.

To pomeni, da lahko z metodami nadzorovane klasifikacije modeliramo pojave (v tem primeru po-
krajinske tipe), za katere imamo dovolj kakovostne podatke. V nasprotnem primeru velja pravilo »garbage
in, garbage out«, kar pomeni, da s slabimi podatki (vnos v model) ne moremo pri¢akovati smiselnih
oziroma uporabnih rezultatov (izvoz iz modela). Zaradi omenjenih ugotovitev je treba biti pri rabi kla-
sifikacijskih metod previden in je treba rezultate preveriti na razli¢ne nacine.

4 Sklep

Prispevek obravnava sposobnost napovedovanja nekaterih metod nadzorovane klasifikacije. Zeleli
smo preveriti, kak$ne rezultate podajo razli¢ne metode nadzorovane klasifikacijske, ¢e z njimi modeli-
ramo naklju¢no oziroma nerazumsko zasnovano klasifikacijo. Za ta namen smo popacili dve narav-
nopokrajinski tipizaciji Slovenije ter skusali zanju dolo¢iti smiselna klasifikacijska pravila z razli¢nimi
metodami.

Ugotovili smo, da nekatere metode (odlo¢itvena drevesa) naklju¢nih oziroma nerazumskih klasi-
fikacij ne morejo potrditi niti v najmanj$i meri, saj algoritem ni sposoben najti logi¢nih klasifikacijskih
pravil in ¢istih skupin (tipov). Nekatere metode sicer uspejo modelirati klasifikacijo, a le v toliksni meri,
dalahko celotno ujemanje med izvirnikom in modelom pripisemo zgolj naklju¢ju. Pomembno je opo-
zoriti, da nekatere metode, ki smo jih preverjali (predvsem metoda najmanjse razdalje), proizvedejo
vizualno precej smiselne naravnopokrajinske tipe, a so ti posledica »vsiljevanja« lastne strukture same
metode, ki poda povsem drugacno tipizacijo od izvirnika. Zaradi omenjenih ugotovitev je priporoclji-
vo rezultate preveriti na ve¢ nac¢inov. V obeh sklopih modeliranja popacenih tipizacij (TIPI9 in TIPI13)
smo prisli do podobnih ugotovitev. Popaceni tipizaciji lahko objektivno oznac¢imo kot neustrezni, saj:
o po nekaterih metodah nismo uspeli izdelati modela zaradi nesmiselnosti popacene tipizacije,

« se izdelane modelirane popacene tipizacije, kljub nekaterim relativho dobrim ocenam z vidika po-
vezovanja s pojasnjevalnimi podatkovnimi sloji, niso ujemale z osnovno popaceno tipizacijo.

Za preucevanje lastnosti geoinformacijskih orodij oziroma spoznavanje njihovega delovanja, je pre-
verjanje modeliranja popacenih klasifikacij lahko v pomo¢, saj uporabnik dobi informacijo o tem, katera
metoda nadzorovane Klasifikacije bolj vsiljuje svojo strukturo in katera metoda se bolj prilagodi u¢nim
podatkom (Ceprav slabim oziroma popaéenim). Tako lahko uporabnik, ki meni, da ima reprezentativ-
no podatkovno bazo, uporabi metode, ki se bolj prilagodijo u¢nim podatkom, v nasprotnem primeru
pa mora preizkusiti razlicne metode in primerjati rezultate.

Zahvala: Raziskavo je sofinancirala Javna agencija za raziskovalno dejavnost Republike Slovenije v okviru
raziskovalnega projekta »Napredek racunsko intenzivnih metod za ucinkovito sodobno splosnonamensko
statisticno analizo in sklepanje« (L1-7542) in raziskovalnega programa »Geografija Slovenije (P6-0101)«.
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