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ABSTRACT

This paper presents an approach combining machine learning (ML), cross-validation methods and cellular
automata (CA) model for simulating land use changes in Luxembourg and the areas adjacent to its borders.
Throughout this article, we emphasize the interest in using ML methods as a base of CA model transition
rule. The proposed approach shows promising results for prediction of land use changes over time. We
validate the various models using cross-validation technique and Receiver Operating Characteristic (ROC)
curve analysis, and compare the results with those obtained using a standard logit model. The application
described in this paper highlights the interest of integrating ML methods in CA based model for land use
dynamic simulation.

1 INTRODUCTION

In the last decades, land demands in Europe specifically in an attractive region like Luxembourg became
an important issue for stakeholders. The population of Luxembourg keeps growing and the impact of this
growth is visible especially when analyzing the land use changes over time. Land use is shaped by spatial
interaction which make their features difficult to analyze. The spatial interactions induce neighborhood
effects and so introduce the emergence of new patterns that need to be simulated in order to understand
the hidden process of the land properties. Thus, the main question is how to simulate land process and
consequently how to simulate the land use patterns?

The land use patterns of Luxembourg and areas adjacent to its borders can be simulated based on CA
concept using several variables (e.g., slope, amount of built-up area surrounding a given cell, etc.). A
built-up areas (also called artificial surfaces) contain all urban and industrial areas. These variables will be
described in Section 5. The simulation of land use changes allows us to understand the spatial interaction
as well as the land use patterns that emerged from the neighborhood effects on a cell and its assigned land
use function.

The rest of this paper is organized in five sections. first, we show the motivations behind this work.
Then, in the next section, we give a short overview of the CA model, its main components and its relevance
to land use changes analysis. Section 4 describes the methodological aspects. Section 5 focuses on the
application, its results and a comparison with various models. Section 6 draws conclusions and discussions.
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4.5.1 Cross-validation

We want to avoid the vagaries of choosing a particular partitioning (sub-samples), and therefore we evaluate
the success rates on a large number of partitions by cross-validation. We split the dataset S into training
sub-sample L (60%) and testing sub-sample 7 (40%) by a random process. We fit the model to L and
evaluate the success rate on T. We replicate this process of partitioning, fitting the model and evaluating
the success rate, N times obtaining N sets of the success rates. Their average is the overall success rate.

4.5.2 ROC Curve Analysis

A summary of the predictions is obtained by the confusion matrix (classification table). The element in
cell (k;h), is the number of observations for which observed and predicted classes are respectively k and
h. The numbers along the major diagonal of this matrix present the correct predictions, and the numbers
off this diagonal represent the errors in prediction committed. The true positive rate (denoted by “tp rate”,
also called hit rate and recall) and the false positive rate (noted by “fp rate”, also called false alarm rate)

are estimated as: o )
Positive correctly classified

tp rate =

(7

Total positives

Positive incorrectly classified

fp rate = :
Total negatives

®)

where total positives and total negatives are the numbers of observations observed respectively as positive
and negative.
Additional metrics are:

sensitivity = tp rate 9)

Negative correctly classified

specificity = -
P Y Total negatives

=1— fp rate (10)

ROC graphs are two-dimensional graphs in which “sensitivity” is plotted on the Y axis and “1 - specificity”
is plotted on the X axis. A ROC graph depicts relative trade-offs between (sensitivity) and (1 - specificity).
Several points in ROC space are important to note. The lower left point (0;0) represents the strategy of
never issuing a positive classification; such a classifier commits no false positive errors but also gains no
true positives. The opposite strategy, of unconditionally issuing positive classifications, is represented by
the upper right point (1;1) whereas the point (0;1) represents perfect classification.

5 APPLICATION
5.1 Study Area

Despite its small area (2,586 km?) and population (around 500,000 habitants), Luxembourg benefits from
a strategic geographic location and appears as an important contributor in the decision making in the
European Union (Fig. 3). Indeed, Luxembourg is one of the most attractive metropolitan areas in Europe
(Sohn, Reitel, and Walther 2009). Its attraction is due to the socio-economic development of the society
and specifically to the strong economic sectors (financial and industrial) that have been developing since
the end of 1970’s.

Surrounded by three countries (France, Germany and Belgium), Luxembourg attracted a lot of labor
force to maintain its economic dynamism. This explains the importance of residential and daily mobility
in Luxembourg and its bordering land (study area) (Gerber et al. 2008; Omrani et al. 2010). This paper
assumes the hypothesis that the current situation of Luxembourg reflects a dynamic territory which will
impact the land demands and consequently the land use changes in the near future. Thus, the objective of
this paper is to investigate the way of possible land use changes of the study area between 2010 and 2050.
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