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Research Paper 

Modelling transitions in sealed surface cover fraction with Quantitative 
State Cellular Automata 

Frederik Priem *, Frank Canters 
Cartography and GIS Research Group, Vrije Universiteit Brussel, Belgium   

H I G H L I G H T S  

• We propose a Cellular Automata estimating quantitative sub-cell land cover change. 
• The Quantitative State Cellular Automata (QCA) considers real-valued cell states. 
• The QCA concept is applied on Sealed Surface Density (SSD) transitions in Belgium. 
• Calibration and validation are done with a 3-step Landsat-derived SSD timeseries. 
• The QCA successfully emulates the observed spatial pattern of urban growth.  
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A B S T R A C T   

Cellular Automata (CA) applications simulating urban processes generally employ discrete land-use classes to 
characterise the physical environment. Yet there is an increasing demand for urban land cover models simulating 
quantitative change at the sub-cell level. The proposed Quantitative State Cellular Automata model (QCA) ad-
dresses this issue by relaxing part of the CA definition and considering real-valued quantitative cell states 
reflecting a physically meaningful measure. QCA entails two components of change: transition potential and 
quantity of change. The potential component addresses the likelihood of any change occurring in a cell, whereas 
the quantity component estimates the magnitude of change. The QCA concept is illustrated for Sealed Surface 
Density (SSD) transitions in Brussels and part of Flanders (Belgium). A Mutual Information (MI) approach is used 
to define the neighbourhood interaction framework. The QCA model is respectively calibrated and validated 
using Landsat-derived 1987–2001 and 2001–2013 SSD change on 30 m resolution. The results show that QCA 
successfully emulates spatial patterns of urban development, and significantly outperforms a random model in 
terms of quantitative and spatial distribution of SSD change. Further improvements can be achieved by explicitly 
integrating socio-economic information in the proposed workflow.   

1. Introduction 

Cellular Automata (CA) are discrete models that are widely used to 
perform spatiotemporal simulation of urbanisation processes (Barredo 
et al., 2003; Ghosh et al., 2017; Santé et al., 2010). Most geographic CA 
applications abstract the spatial environment as a regular grid of cells, 
often using remote sensing-derived land-use/land cover timeseries to 
define the initial cell state and calibrate the model (Arsanjani et al., 
2012; Kamusoko and Gamba, 2015; Siddiqui et al., 2018; Yang et al., 
2008). Each cell in the grid has one of a finite number of discrete states. 
Cells can transition into other states over the course of several time 

steps. Such state transitions are governed by one or more indicators of 
transition potential that consider the current state of the cell and the 
states of neighbouring cells (White et al., 1997; White and Engelen, 
1993). Cell states typically represent a limited number of urban land-use 
classes (Lauf et al., 2012; Poelmans and Van Rompaey, 2009), even use 
of binary classes is common in CA research (Alaei Moghadam et al., 
2018; Wu, 2002). Yet discrete land-use maps are not suitable for every 
application, particularly if the target is to model more continuous pro-
cesses of urban change. Urban planning and ecosystem analysis 
increasingly require quantitative measures describing change in bio-
physical composition, e.g. urban density, on the level of individual cells 
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(Kain et al., 2016; Lang and Song, 2019; Maes et al., 2018; Ramirez- 
Reyes et al., 2019). The possibility of CA providing this type of infor-
mation is still largely unexplored. 

Some CA studies apply fuzzy logic to include quantitative cell state 
information in the form of membership rates or probabilities (Al- 
Ahmadi et al., 2009; Liu and Phinn, 2003; Mantelas et al., 2012; Tang, 
2011). Others use exogenous models to distribute changes in urban 
density among cells of corresponding land-use states (Li et al., 2018). 
Another possibility is to define transitions based on ordered cell states 
representing intervals of increasing urban densities (Mustafa, Heppen-
stall et al., 2018). Activity-based CA does not consider quantitative land- 
use states but models quantitative information on cell level in the form 
of socio-economic densities that co-govern land-use state transition 
(Crols et al., 2015, 2012; White et al., 2012). All the previously 
mentioned approaches hold on to the traditional Cellular Automata 
framework entailing a finite set of possible discrete land-use states 
(Tobler, 1979). In a traditional CA, the amount of possible transitions, 
and by extension the complexity of the transition potential model, in-
creases factorially with the number of cell states. Calibrating such a CA 
model with many states may thus become unfeasible. 

We propose a novel CA framework, called Quantitative State Cellular 
Automata (QCA), that relaxes part of its definition by considering an 
infinite amount of ordered cell states, each corresponding to a real 
number representing some thematically meaningful quantity. In this 
approach, change in cell state is governed by a combination of potential 
(probability of change) and quantity (magnitude of change). We illus-
trate QCA by applying it to simulate change in surface sealing in Brussels 
and Flemish Brabant (Belgium). The objective of this study is to deliver a 
proof of concept, i.e. showing that QCA reproduces with reasonable 
accuracy the observed changes in the spatial distribution of surface 

sealing over a timeframe beyond the one covered by the calibration 
data. CA calibration and simulation are supported by a Landsat satellite 
imagery-derived time series of Sealed Surface Density (SSD) maps for 
the years 1987, 2001 and 2013. CA neighbourhood size and interaction 
effect is defined using Mutual Information (MI), a measure of shared 
information content between 2 variables (Shannon, 1948) that allows us 
to efficiently address both shorter and longer distance interactions. 
Potential and quantity models are implemented by means of a binary 
logistic regression model tree and Support Vector Regression (SVR) 
respectively. CA calibration is performed using observed 1987–2001 
SSD changes, validation is performed on 2001–2013 simulated SSD 
changes. The QCA model is implemented in a Python environment. 

2. Data and study area 

The study area of this research covers the Brussels Capital Region 
(BCR) and its surrounding Flemish districts of Halle-Vilvoorde and 
Leuven (Fig. 1). These two districts together form the province of 
Flemish Brabant. The region of Flanders is characterised by some of the 
highest degrees of urban sprawl in Europe (EEA-FOEN, 2016). Urban 
sprawl patterns observed in the rural and suburban parts of the study 
area include scattered patch development but particularly ribbon 
development around secondary roads connecting urban cores (Verbeek 
et al., 2014; Vermeiren et al., 2018). The BCR by contrast is the most 
densely urbanised and populated region of Belgium, and it is the 
country’s foremost employment hub. Besides the main urban core of 
Brussels, smaller urban cores such as Leuven and Tienen are also 
included in this study area. 

The main dataset of this research is a time series of Sealed Surface 
Density layers covering the years 1987, 2001 and 2013 (Fig. 1). SSD is 

Fig. 1. Sealed Surface Density in the study area and its evolution from 1987 to 2013 (Vanderhaegen and Canters, 2016).  
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defined as the fraction of a horizontal surface unit covered by artificial 
(semi-)impermeable materials. SSD maps were derived from Landsat 
satellite imagery by spectral unmixing, using a linear regression 
approach (Vanderhaegen and Canters, 2016). The regression models 
were trained with a map-based approach (Priem et al., 2019), using 
high-resolution land cover information derived from 4 m resolution 
Ikonos multispectral imagery to provide class fraction labels of spatially 
coinciding mixed pixels in the Landsat imagery. Different regression 
models were trained for urban and non-urban areas, and the spatial 
distinction between the two was made with urban masks. These masks 
were produced separately for each considered year by drawing on 
normalized difference vegetation index analysis and auxiliary GIS layers 
defining agricultural areas. The Mean Absolute Error (MAE) of the 
produced SSD maps ranged from 9 to 17%, depending on the image 
scene processed (Vanderhaegen and Canters, 2016). 

Additional GIS layers used in the QCA of this study include road 
network and zoning data (Fig. 2). From the road network layer, we 
derived a layer describing the distance to the nearest road in each cell. 
The zoning data are derived from spatial policy documents developed by 
the Flemish and BCR governments, respectively the Spatial Accounting of 
the Spatial Structure Plan Flanders (Departement Omgeving, 2020) and 
the Demographic version of the Regional Land-use Plan Brussels (perspec-
tive.brussels, 2019). The differing land-use typologies used in these 
datasets were simplified to consolidate them in one map, as shown in 
Fig. 2. For simplicity, we assume that the road network and zoning 
polygons remained unchanged during the time frame covered by the 
SSD data. 

3. Methods 

3.1. The QCA model 

3.1.1. Overview 
Fig. 3 shows an overview of the QCA approach. It starts from the 

current cell space at timestep tstart, containing the current cell states, 
their derived neighbourhood measures as well as the static layers 
describing zoning and distance from the nearest road. This information 
is first passed to the potential and quantity models that yield their cor-
responding estimated components of change. In turn, these components 
are passed to the allocation module of the QCA, which also takes an 

overall measure of required change for this timestep from the change 
demand module. The allocation module distributes the overall change to 
individual cells, updating the cell space for the next simulation timestep. 
The iteration is repeated until tend is reached. The workings of the 
different submodules of QCA are explained in more detail over the 
following paragraphs. QCA calibration, application and validation are 
explained in the last paragraph of this section. 

3.1.2. Cell space 
The QCA cell space is derived from the SSD maps. It covers an array 

of 1 351 rows by 3 051 columns, with cell dimensions of 30 by 30 m. A 
total of 2 534 401 cells are in the study, those located outside of it are 
considered background. Cells located within protected green spaces in 
the study area are considered static, i.e. they affect neighbouring cells 
without changing state themselves. Cells in airport and railroad areas 
are also made static, since the QCA is not intended to emulate large-scale 
infrastructural developments in the study area. All other cells in the 
study area are active, meaning that they both affect neighbouring cells 
and possibly change state themselves. 

3.1.3. States and transitions 
The proposed QCA model considers real-valued quantitative cell 

states ranging between 0 and 1, corresponding to the SSD value of a cell. 
A cell state of 0 means no built-up surfaces within the cell, a cell state of 
0.5 represents a 50% built-up cell, etc. Considering that loss of built-up 
space is rare in the study area, state transitions are constrained to non- 
negative values. Any state transition, or quantity of change added to the 
initial state, is allowed insofar that it does not result in a cell state 
exceeding its [0, 1] bounds. Background and static cells do not change 
state. 

3.1.4. Neighbourhood 
As with all CA models, QCA considers the relation between state 

change in a cell and the current states of neighbouring cells during each 
time step. Euclidean distance is used to define consecutive non- 
overlapping ring neighbourhoods or distance zones around each cell, 
i.e. cells located between a minimum and maximum distance from a 
given cell. The neighbourhood interaction measure N of a distance zone 
D around cell i, specified by dmin and dmax, is quantified as follows: 

Fig. 2. Generalised zoning classes with dominant activities (Departement Omgeving, 2020; perspective.brussels, 2019).  
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NiD =

∑dmax
d=dmin

Sidwd
∑dmax

d=dmin
wd

(1)  

wd ≥ 0 (2) 

with Sid the average SSD state of cells located at distance d from the 
central cell i and wd the non-negative weight assigned to each distance. 
The specification of the weights will be addressed further on. 

The number of possible neighbourhood configurations is vast. We 
hence apply Mutual Information to assess the relevance of each neigh-
bourhood (i.e. cells located at a specific distance from the central cell) to 
predict change. We also use MI to evaluate the possibility to cluster 
neighbourhoods. MI is a measure of shared information content between 
2 random variables. It is based on the information theory concept of 
entropy, i.e. the ability of a random variable to produce information 
(Shannon, 1948). MI has been used before in CA research to support 
neighbourhood and transition rule design (Richards et al., 1990; Zhao 
and Billings, 2006). We can formalise MI between two random variables 
r and s as follows: 

MIrs = Er +Es − Ers (3)  

Er = −
∑

m∈Mr

p(m)ln(p(m) ) (4)  

Ers = −
∑

m∈Mr

∑

n∈Ns

p(m, n)ln(p(m, n) ) (5)  

with Er and Es the marginal entropy of r and s respectively, Ers the joint 
entropy of r and s, p the (joint) probability distribution, Mr/Ns the 
respective value domains of r/s, and m and n their corresponding ele-
ments. Histograms are used instead of the full value domains to estimate 
MI and the bins of these histograms are optimised with the Freedman- 
Diaconis rule (Freedman and Diaconis, 1981). We use MI to inspect 
how 1987–2001 SSD state change relates to average 1987 SSD state in 
ring neighbourhoods located at different distances from the central cell. 
MI is high when the distributions of SSD change in the central cell and 
average SSD at a given distance from the central cell display strong in-
ternal variability and strong covariation. In this case, they thus describe 
similar information which may indicate that the average SSD state at the 
considered distance from the central cell is an important variable to help 
predict change in the central cell. 

3.1.5. Transition potential and quantity 
In QCA, change is divided in a potential and quantity component. 

Potential represents the possibility of any non-zero change occurring in 
a cell. Quantity represents the magnitude of change occurring in a cell, 
assuming some degree of change will happen. These components of 

change have separate models, each taking as input the dynamically 
updated cell states, the neighbourhood interaction measure at different 
distances from the central cell, and the additional static layers (per-
taining to distance from road and the zoning classes). Both models re-
turn a real number ranging between 0 and 1. For the potential model, 
this number represents an indicative likelihood of change occurring in a 
cell during a certain timestep vs. the alternative event of no change 
happening. For the quantity model, the output corresponds to the 
amount of SSD change manifesting itself in a cell. 

Since the target variable for potential is essentially of a Boolean 
nature (change/no change) we decided to use binary logistic regression 
to model it. Potential P for a cell i is then quantified using the proba-
bilities associated with change, as derived from a linear utility model V 
(Train, 2002): 

Vi =
∑J

j=1
Xijaj (6)  

Pi =
1

1 + e− Vi
(7) 

With J the number of features, a the logit parameter estimates and X 
the design matrix. Logistic regression is widely used in urban land 
change applications (Mustafa et al., 2017; Poelmans and Van Rompaey, 
2010; Siddiqui et al., 2018). To account for possible variations in tran-
sition behavior depending on spatial context (Mustafa, Heppenstall 
et al., 2018; Vanderhaegen et al., 2015), we applied logistic regression in 
a model tree approach. A model tree performs iterative binary splitting 
on a dataset, using a certain feature and corresponding threshold value 
at each split, and fits separate models on the resulting subsets or nodes 
(Quinlan, 1992). The splitting features and threshold values are selected 
by minimizing the Residual Sum of Squares (RSS) of the newly formed 
models. Stepwise backward feature selection is used to select parsimo-
nious submodels in each node (Huang and Townshend, 2003). The 
regression tree approach effectively allows having different transition 
parameters depending on the spatial context as defined by the splitting 
features and thresholds. In this study, the full feature set used to perform 
modelling consists of cell state (cell-level SSD), neighbourhood inter-
action measures (weighted average SSD for ring neighbourhoods at 
different distances from the central cell), distance to the nearest road 
and zoning class. We use the Python-based module Statsmodels to 
implement logistic regression in this study (Seabold and Perktold, 
2010). The model tree approach is applied using our own implementa-
tion that draws on Huang and Townshend (2003). 

A preliminary exploration of the data, which is not reported here for 
brevity’s sake, showed that a non-linear machine learning regressor was 
needed to model quantity of change, i.e. the amount of SSD change, in 
function of the available data. The decision was made to use SVR with a 

Fig. 3. Schematic representation of simulation performed with the Quantitative state Cellular Automaton.  
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radial basis function kernel. Support Vector Machines (SVM) are per-
formant and robust machine learners that generalize well even from 
relatively small training datasets (Mammone et al., 2009; Vapnik, 2000). 
Support Vector Classification is widely used in the context of CA (Mus-
tafa, Rienow et al., 2018; Rienow and Goetzke, 2015; Shafizadeh- 
Moghadam et al., 2017; Yang et al., 2008), yet whereas these studies 
use class membership rates to estimate probabilities of discrete cell state 
change, we instead use SVR to estimate quantitative land cover change. 
SVR is implemented here using the corresponding class from the Python- 
based module Scikit-Learn (Pedregosa et al., 2011), itself based on the 
LIBSVM library (Chang and Lin, 2011). The relative importance of fea-
tures used in a non-linear SVR model are not straightforward to inter-
pret. We hence used a permutation-based indicator of feature 
importance, based on Breiman (2001), as currently implemented in 
Scikit-Learn (Pedregosa et al., 2011): 

Fj = R − Rj (8)  

R = 1 −
∑N

i

(
ΔSi,sim − ΔSi,ref

)2

∑N
i

(
ΔSi,ref − ΔSref

)2 (9) 

With Fj the importance of feature j, R the coefficient of determination 
of the SVR model, Rj the coefficient of determination of the SVR model 
fitted on a training dataset in which feature j is permutated, ΔSsim and 
ΔSref the respective simulated and observed quantities of change and N 
the number of observations in the training dataset. The quantity 
component SVR uses the same features as the logistic regression tree of 
the QCA potential component described above, i.e. cell state, neigh-
bourhood interaction measures, zoning class and distance to the nearest 
road. 

3.1.6. Change demand 
To guide the QCA during simulation, an overall amount of SSD 

change demand must be provided for each yearly timestep. The QCA 
then allocates these changes to individual cells as explained in the next 
paragraph. In this study, overall yearly SSD increases are defined on 
district level (BCR, Leuven, Halle-Vilvoorde) by distributing corre-
sponding changes observed during the two periods (1987–2001 and 
2001–2013) equally over each timestep. 

3.1.7. Allocation of change 
The allocation module of the QCA assigns overall changes provided 

by the change demand module to individual cells during each simulation 
time step. It uses change potential and quantity estimates based on the 
current state of the cell space to perform the allocation. Cells are first 
ranked in decreasing order of potential values. State transitions are then 
executed using quantities of change of the corresponding cells, starting 
from the highest potential cell and going forth until the demand for SSD 
change is satisfied. As we have no information on how cell-level changes 
are distributed in quantity and time between the 1987, 2001 and 2013 
SSD maps, we simply assume that these changes manifest themselves in 
a single timestep. Considering this, we also presume that cells can only 
change state once during simulation, which seems reasonable for small 
cell sizes (30 × 30 m). After a cell changes it state, its potential is thus set 
to zero during subsequent timesteps. 

Prior to allocation, a random perturbation is added to potential P to 
address the partial randomness of urbanisation (White and Engelen, 
1993): 

P’
i = ( − ln(ri) )

θPi (10) 

with Pi’ the stochastically perturbated change potential of cell i, ri a 
random number drawn from a ]0, 1[ uniform distribution for cell i and θ 
a non-negative stochasticity parameter. The larger the stochasticity 
parameter, the more the QCA behaves randomly and the more chaotic 
the simulations become. 

3.1.8. Calibration, simulation and validation 
To fit the potential and quantity models, 10 000 active cells were 

randomly drawn from the cell space. An additional sample of 5 000 
active cells was drawn for model assessment. Training and validation 
samples do not overlap. The training sample entails the observed 
1987–2001 SSD changes and their corresponding 1987 data, i.e. the 
1987 cell states, derived neighbourhood measures and static features. 
Standardisation and outlier removal were applied on the data prior to 
sampling and model fitting. The purpose of this standardisation is to 
facilitate convergence in the parametrisation of the potential (logistic 
regression tree) and quantity (SVR) models. For the logistic regression 
tree analysis of the potential model, standardisation has the further 
benefit of making parameter estimates and feature importance more 
interpretable. The data were also inspected for multicollinearity using 
correlation analysis. For the logistic regression model tree estimating 
transition potential, the target variable equals 1 if some amount of SSD 
change has occurred in the cell, and 0 otherwise. The model tree was 
limited to a depth of one, as further splitting yielded only minor im-
provements. This means that the model tree only contains two models 
based on a single split. A p-value threshold of 0.2 was used to perform 
the backwards feature selection. Transition potential model assessment 
was done with a Receiver Operator Characteristic (ROC) graph and its 
associated Area Under Curve (AUC) value (Fawcett, 2006). To account 
for the fact that there are considerably less changing than non-changing 
cells in the ground truth data, a more detailed comparison was made 
between the performance of the proposed potential model and a null 
model, i.e. a utility model in which only the intercept is fitted. For the 
quantity SVR, the target variable is observed SSD change and the 
training dataset is reduced to cells that have undergone some SSD 
change, conform to the definition of this model. The SVR parameters 
were optimised using a grid search with five-fold cross-validation. 
Quantity model assessment was performed by means of a linear 
regression analysis on the observed non-zero SSD changes in the vali-
dation dataset and their corresponding SVR predictions. 

Simulation was performed with 12 yearly timesteps for the period of 
2001 to 2013. Change demand was derived from observed 2001–2013 
changes on district level, as explained in 3.1.6. The stochasticity 
parameter was set to 0.5 based on a comparison between test simula-
tions performed on the 1987–2001 timeframe with different stochas-
ticity values. 

Due to the stochastic and path dependent nature of the proposed 
QCA it is unreasonable to expect that produced 2001–2013 simulations 
emulate observed changes of said period on the level of individual cells 
(Hewitt and Díaz-Pacheco, 2017; White and Engelen, 1993). Three 
adapted validation approaches are therefore used. First, a multi- 
resolution validation is performed (Pontius, 2000; Pontius et al., 2004; 
Pontius and Millones, 2011). This entails assessing allocation accuracy 
at increasing resolutions, starting from the base resolution. Cells of 
simulation and reference maps are spatially aggregated to multitudes of 
the base cell resolution using the method described in Pontius et al. 
(2004). The used resolutions are 1, 2, 4, 8, 16, 32, 64, 128 and 256, 
expressed as cells with 30 m dimensions. Simulated SSD change accu-
racy is quantified with Mean Absolute Error MAE: 

MAE =

∑A
i=1

⃒
⃒Si,sim − Si,ref

⃒
⃒

A
(11) 

with Si,sim the simulated state of cell i, Si,ref the observed state of cell i 
and A the number of active cells in the validation set. When performing 
multi-resolution validation, it is common to compare the proposed 
model to a random and null model (Poelmans and Van Rompaey, 2010; 
Pontius et al., 2004). In this context, a random model is defined as a QCA 
with constant transition potential and magnitudes of change drawn 
randomly from a uniform distribution, i.e. all active cells exhibit an 
equal non-zero probability for each transition that does not make the 
corresponding cell exceed its SSD limit of 1. A null model is simply a no- 
change model yielding the initial cell space. Note that this null model is 
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not the same as the null model used for the accuracy assessment of the 
potential model. The second validation method used in this study, in-
volves measuring and comparing spatial autocorrelation of simulated 
and observed change with increasing kernel sizes. Spatial autocorrela-
tion of SSD change is quantified using Moran’s I (Moran, 1948, 1947): 

I =
n

∑n
i
∑n

j uij

∑n
i
∑n

j uij

(

ΔSi − ΔSi

)(

ΔSj − ΔSj

)

∑n
i

(

ΔSi − ΔSi

)2 (12) 

with uij a matrix containing spatial weights between cells i and j, ΔSi 
the observed SSD change in cell i and n the number of cells in the cell 
space. Circular kernels with radii of 1, 2, 3, 4, 5, 6, 7 and 8 cells and zero- 
weighted centres are used to define uij, i.e. cells located within the given 
distance of one another get value 1 for the corresponding indices in the 
weight matrix and 0 otherwise. The third and final validation technique 
assesses if the QCA successfully reproduces the quantitative distribution 
of change in the cell space. This is done by comparing histograms of SSD 
change for the observed and simulated 2001–2013 changes. 

4. Results 

4.1. Neighbourhood definition (1987–2001) 

Fig. 4 shows mutual information between observed 1987–2001 SSD 
change and 1987 average SSD at increasing distances from the central 
cell. Here we observe that shared information content between SSD 
change in a cell and average SSD value for increasing distance from the 
cell first increases up to a distance of around 1000 m, after which it 
reaches a plateau up to 2700 m. Subsequently, said MI starts falling with 
increasing distance, particularly from 4800 m onward, and from roughly 
8750 m MI stabilises around a low value. The plot indicates the presence 
of neighbourhood clusters, becoming broader further away from the 
central cell. Internally, these clusters display an approximate linear 
relation considering the MI between SSD change and average SSD value 
at increasingly remote distances from the central cell. Yet when 
compared to each other, the slopes of the linear trends in each cluster are 
different. 

Based on these observations, five neighbourhood clusters are 
defined. The cells adjacent to the central cell are kept as a separate ring 
neighbourhood, the other ring neighbourhoods are clustered in four 
regions corresponding to the approximated linear trend lines, as shown 

in Fig. 4. The borders of these clustered neighbourhoods, each corre-
sponding to an approximated linear segment, are identified as [2, 35[, 
[35, 90[, [90, 160[, [160, 275], expressed as cells. For each of these 
clusters, a neighbourhood interaction measure is constructed as defined 
in (1), with the weights of the ring neighbourhoods in the cluster equal 
to its corresponding MI value on the cluster’s linear trend line in Fig. 4. 
The choice of the neighbourhood clusters based on MI linearity is on the 
one hand motivated by the need to keep the parametrisation of the 
neighbourhood weights as straightforward as possible. On the other 
hand, it abstracts the relations seen in the historic data to reduce 
overfitting. 

4.2. QCA calibration (1987–2001) 

Fig. 5a-b respectively show the parameter estimates and feature 
importance of the potential and quantity models. The potential model 
tree contains two leaf node models respectively covering cells with 
states lower than 0.09 and cells with an SSD higher than this value. The 
logit parameter estimates vary 

between these models, particularly on the influence of cell state and 
the closest neighbourhood interaction measure. Both models have 
negative estimates for road distance and positive estimates for the 
zoning classes residential, public services and industrial (Fig. 5a). Note 
that zero-valued parameter estimates in Fig. 5a correspond to features 
that were excluded during the backward feature selection. The feature 
importance of the SVR quantity models shows a somewhat contrary 
behaviour with relatively higher influences for the longer distance 
neighbourhoods and smaller influence for road distance and zoning 
(Fig. 5b). To assess the transition potential model, a ROC curve was 
constructed using 100 uniformly spaced probability threshold values to 
identify changing cells in the independent test dataset (Fig. 5c). The ROC 
curve has an AUC value of 0.89 and reaches its optimum True Positive 
Rate (TPR) vs. False Positive Rate (FPR) ratio at a threshold value of 
0.18. Appendix 1 shows that the proposed potential model outperforms 
a null model (one utility model with only intercept fitted) on all counts 
of accuracy, including in terms of TPR, which amounts to 0.65 for the 
former and 0.24 for the latter. The quantity model performance derived 
from the same test dataset is shown in Fig. 5d. The MAE of 0.09 is 
relatively small, but considerable underestimations are observed for the 
higher yet sparser SSD estimates. 

Fig. 4. Neighbourhood analysis with Mutual Information between 1987 average SSD at different distances from the central cell and the observed 1987–2001 SSD 
change in the central cell. 
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4.3. QCA simulation and validation (2001–2013) 

The outcome of the multi-resolution validation is illustrated in 
Fig. 6a. It shows that the proposed QCA model consistently outperforms 
the random model with a considerable margin for smaller cell sizes. The 
null resolution, i.e. the resolution at which point a model outperforms 
the null model, is reached around 4 cells (120 m) for the QCA, whereas 
for the random model this occurs somewhere between 8 cells (240 m) 
and 16 cells (480 m). Next, the spatial autocorrelation of simulated and 
observed change is shown in Fig. 6b. The random model clearly un-
derestimates spatial autocorrelation at every tested kernel size, whereas 
simulated spatial autocorrelation approximates the curve of the 
observed data quite well, albeit with a minor underestimation in the 
smaller kernels and vice versa. Finally, the obtained quantitative dis-
tributions of SSD change are shown in Fig. 6c. The random model de-
viates completely from the observed distribution, whereas the QCA 
simulation shows a strong similarity with observed frequencies. Only the 

highest SSD changes are clearly overestimated by the QCA. To avoid 
confusion, recall the difference between the null model used here for 
simulation assessment (no change) and the null model used for cali-
bration assessment in the previous paragraph (only intercept fitted). 

Fig. 7 shows the observed spatial distribution of 2001–2013 SSD 
change on 150 m resolution, i.e. the earlier discussed null resolution 
rounded upward in multitudes of 30 m cells, and the one obtained with 
the QCA. Overall, both maps display similar distribution patterns, 
corroborating the results shown in 

Fig. 6. Three differences are observed, however. For one, we see that 
the actual 2001–2013 SSD change pattern displays a higher frequency of 
small yet high-density patches of development compared with QCA. 
Secondly, while we observe that the proposed model quite successfully 
emulates sprawl development in some segments of the study area, 
particularly in the western and centre parts, the same cannot be said for 
the eastern part of the Leuven district where there is an underestimation 
of sprawl development. And thirdly, it seems that the QCA overestimates 

Fig. 5. Potential-quantity model calibration and assessment: (a) logit parameter estimates of the transition potential model tree, (b) feature importance for the SVR 
quantity model as defined in Eq. (5), (c) ROC curve showing the transition potential model performance and (d) scatterplot of observed vs. SSD change predicted with 
the quantity model. The blue dashed line represents the 1:1 diagonal, i.e. the ideal trend line. Recall that model calibration and assessment were performed with 
independent samples of 1987–2001 data. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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development in industrial and logistic zones. 

5. Discussion 

Integrating quantitative land cover information in the cell states of 
cellular automata, and more generally in urban change modelling, has 
so far received little attention. The main purpose of this study was to 
address this research gap. We proposed a novel framework for quanti-
tative state CA and applied it to the use case of modelling surface sealing 
growth in Brussels and the Flemish districts of Halle-Vilvoorde and 
Leuven. QCA combines the simplicity of a binary change model 
(change/no change) defining transition potential with a model esti-
mating various magnitudes of change. The QCA approach proposed is 
easy to grasp and relatively straightforward to calibrate, requiring 
mainly a two-step timeseries of the targeted phenomenon. The case 
study presented shows that the SSD change simulation produced with 
QCA consistently outperforms that of a random model in every tested 
aspect (Fig. 6). The QCA simulation also has a favourable null resolution 
of approximately 120 m (Fig. 6a). 

The neighbourhood interaction framework is an essential component 
of any CA, yet many studies do not provide a methodical basis for its 
definition and default to a small neighbourhood instead. While consid-
ered a safe choice, this approach does not account for longer distance 
interactions, which are non-negligible. Use of fractal or irregular 
neighbourhood grids have been proposed to account for long-distance 
interaction in CA (Andersson, Lindgren, Rasmussen, & White, 2002; 
Andersson, Rasmussen, & White, 2002; Crols et al., 2015, 2012). This 

strategy makes sense from a theoretical point of view, but its proposition 
should be empirically supported. Data-driven neighbourhood analyses, 
similar to the one presented in this study, have been used before in CA 
(de Nijs et al., 2004; Verburg, de Nijs, van Eck, Visser, de Jong, 2004; 
Verburg, Ritsema et al., 2004). They have the benefit of revealing some 
(aspects) of the spatial dependencies that are present in the cell space. 
We propose using mutual information since it is a generic criterium that 
makes no assumptions about data distributions. In our approach, clus-
ters of neighbourhoods are defined based on differences in MI behaviour 
with regards to distance from the central cell (Fig. 4). A benefit of the 
linear approximation of the MI relations to define neighbourhood 
weights, is that it decreases the chance of overfitting by retaining only 
essential trends. Although the performed MI analysis does not provide a 
conclusive answer to the question of how to best define neighbourhood 
interaction, it does provide some indication of how important the in-
clusion of different neighbourhood clusters may be in predicting change. 
The parameter estimates and feature importance of the potential and 
quantity models (Fig. 5) indicate that both the short- and long-range MI- 
derived neighbourhood interaction measures incorporated in the 
modelling contribute significantly to the explanatory power of these 
models. As such, MI may hold potential for more automated definition of 
CA neighbourhood interaction. 

Traditionally, CA transition parameters or rules used to be defined 
and calibrated manually (Clarke and Hoppen, 1997; White et al., 1997; 
White and Engelen, 1993), yet over time automated approaches steadily 
received more attention (van Vliet et al., 2016). Data-driven CA can be 
roughly divided in use of machine learners (Mustafa, Rienow et al., 

Fig. 6. (a) Multi-resolution validation of the 2001–2013 simulation obtained with the proposed QCA, the random model and the null model. (b) Validation of spatial 
autocorrelation, expressed as Moran’s I, of 2001–2013 SSD change obtained with the proposed QCA and a random model. (c) Validation of the frequency distribution 
of 2001–2013 SSD change obtained with the proposed QCA and a random model. 
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2018; Poelmans and Van Rompaey, 2010), optimisation techniques 
based on evolutionary algorithms (Li et al., 2013; Mustafa, Saadi et al., 
2018; Shan et al., 2008) and random/grid sampling of the parameter 
space (Roodposhti et al., 2020). The approach proposed in this study 
belongs to the first group. CA transition potential is often implemented 
with hyperparametric machine learners, such as Support Vector Ma-
chines (Rienow and Goetzke, 2015; Yang et al., 2008), Neural Networks 
(Basse et al., 2014) or Random Forests (Kamusoko and Gamba, 2015). In 
line with earlier studies, we found that binary transition potential 
(change vs. no change) can also be accurately identified with simpler 
logistic regression models (Arsanjani et al., 2012; Siddiqui et al., 2018), 
although the quantitative component of change used in this study 
required a hyperparametric learner to function properly. 

The parameter estimates of the transition potential model tree and 
the feature importance of the quantity SVR model are interesting sources 
of information, as they allow us to better understand the spatial dy-
namics in the study area, i.e. if and/or how different spatial variables 
influence the likelihood and magnitude of SSD change. Interestingly, the 
transition potential model tree separates cells with little or no SSD from 
cells that are at least somewhat built up, and these two groups show 
partially diverging behaviour. This observation is in line with Mustafa, 
Heppenstall et al. (2018), who proposed a CA with quantitatively 
meaningful states that explicitly makes the distinction between expan-
sion and densification dynamics, i.e. cells starting with (near-)zero states 
and cells starting with non-zero states respectively. As expected, it was 
verified that road accessibility strongly controls urban development in 
the study area (Poelmans and Van Rompaey, 2009). We further saw that 
zoning constraints have varying yet significant impacts on transition 
potential. It was also interesting to note that, contrary to the potential 
model, longer distance neighbourhood interactions play a more promi-
nent role in the prediction of magnitude of SSD change, although we 
cannot deduct the exact nature of their influence due to the non-linearity 
of the used SVR. Again, contrary to the potential model, the influence of 
zoning is relatively small for quantity. Overall, it seems that the po-
tential and quantity model draw on complementary sources of 

information, with exception of the cell state which is important for both. 
Accuracy assessment of CA simulation is challenging, as paradoxi-

cally urban CA try to predict a somewhat unpredictable process (Hewitt 
and Díaz-Pacheco, 2017). We hence evaluated if QCA simulation ap-
proximates different aspects of observed change rather than producing 
an exact copy of it (Ahmed et al., 2013). The three formal validation 
techniques used in this study addressed the following aspects of QCA 
performance: (1) how accurate is the spatial allocation of SSD change 
relative to the observed change, (2) how well does the simulated SSD 
pattern reflect the spatial correlation structure of the SSD distribution, 
and (3) how close is the frequency distribution of SSD change to the 
observed distribution? The first two analyses used varying resolutions or 
kernel sizes to spatially abstract simulation output, allowing for a more 
nuanced interpretation of simulation accuracy. Whereas multi- 
resolution validation is common in land change modelling (Poelmans 
and Van Rompaey, 2009; Rienow and Goetzke, 2015), inspection of 
spatial autocorrelation of change is less so (Alaei Moghadam et al., 
2018). Spatial autocorrelation shows some resemblance to fractal 
geometry-indicators, a more commonly used validation approach in CA 
research (Hewitt and Díaz-Pacheco, 2017; White et al., 1997; White and 
Engelen, 1993), in the sense that both consider the spatial properties of 
the simulated pattern. Yet compared to fractal geometry-based valida-
tion of CA, which is oriented towards discrete states, spatial autocorre-
lation is more appropriate for quantitative data. The third formal 
validation is important because QCA, as implemented in this study, does 
not impose any explicit restrictions on the frequency distribution of SSD 
changes. It is interesting to see how well QCA performed on all tested 
aspects, indicating that the potential and quantity models work in 
synergy. 

Several issues were encountered during validation of the QCA output 
that require attention. Although we saw that the model correctly pre-
dicts urban sprawl (ribbon and scattered development) in some rural 
areas of the study area, it underpredicts these phenomena in other parts 
(Fig. 7). It seems that the QCA model lacks some explanatory power to 
better identify development-prone areas on a local level. This can partly 
be attributed to the fact that the proposed model in its current definition 
does not explicitly consider socio-economic activities related to resi-
dence and employment (Crols et al., 2012; Poelmans and Van Rompaey, 
2009; Vanderhaegen et al., 2015) which may impact where specific 
types of development are more likely to occur. We also saw that in-
dustrial zones had overestimated SSD change. This can be explained by 
the fact that the QCA was fitted on a historic timeframe in which more 
industrial development occurred in the study area compared to the 
simulated time frame. More generally, this indicates that there is some 
degree of temporal non-stationarity in the land change dynamics of the 
study area, which reduces the spatiotemporal generalisation capacity of 
the CA beyond its calibration timeframe of 1987–2001 (van Vliet et al., 
2016). Non-stationarity between the periods of 1987–2001 and 
2001–2013 can in part be attributed to the fact that the Flemish gov-
ernment started to acknowledge the issue of urban sprawl in the second 
half of the 90s, resulting in a series of policy measures that may have 
impacted urban development in Flanders after 2000 (De Decker, 2011). 
Temporal non-stationarity in urban land change modelling can be 
addressed with spatially explicit scenario analysis (Barredo et al., 2003; 
Koomen et al., 2008). The non-stationarity of the observed urban dy-
namics can also be considered from a spatial point of view, in the sense 
that CA transition parameters may vary over space (Feng et al., 2018). 
The regression tree used to predict change potential in the proposed 
QCA partially addresses this issue. In a recent study by Chen et al (2020), 
for instance, use of spatial autoregressive methods in CA is shown to 
better emulate urban sprawl compared to traditional non-spatial esti-
mators. Testing such or similar approaches does however fall outside the 
scope of this study. 

The research presented here indicates that the proposed QCA holds 
potential for modelling sub-cell quantitative state change. This proof-of- 
concept study deliberately focused on its core ideas, and there are 

Fig. 7. Observed and QCA simulated 2001–2013 SSD change on 150 
m resolution. 
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several important topics that require further exploration. Future 
research could expand on the concept of stochasticity and how its 
associated parameter(s) affect the performance of QCA. Particularly 
with regards to quantity of change, there is a need to assess how sto-
chasticity can be integrated in this component and how this relates to 
stochasticity in the potential component of change. We furthermore 
acknowledge that the machine learning methodology proposed here is 
just one of many possible setups. It would thus be useful to assess the 
impact of estimator choice, and if perhaps more robust and/or per-
formant results can be obtained by using ensembles of different esti-
mators. Another topic that did not fit in the scope of this paper but 
warrants consideration, is the sensitivity of QCA to errors in the remote 
sensing derived SSD maps. Regarding the application of QCA to simulate 
urbanisation processes, it would also be useful to evaluate the use of 
additional input information, possibly pertaining to socio-economic 
activities, that could allow the model to better grasp which areas are 
more prone to infill development or to the manifestation or intensifi-
cation of urban sprawl. Finally, it was discussed that, at least in our case 
study, non-stationarity in the time domain seems to play a role in the 
ability of the QCA to reproduce observed patterns of urban sprawl 
development. It would thus be interesting to assess the potential benefit 
of addressing spatiotemporal variations in QCA parameters. 

6. Conclusion 

This study presents a novel framework for quantitative state cellular 
automata addressing the growing need for non-discrete land change 
modelling. We applied the QCA concept to the simulation of sealed 
surface density change in Flanders and Brussels. A neighbourhood 

interaction framework supported by mutual information was proposed 
to better gauge how SSD change relates to its surrounding environment. 
A major feature of QCA is the distinction made between change and 
amount of change, reflected in a potential and a quantity model 
component. The potential model was implemented using a logistic 
regression model tree, and the quantity model with SVR. This approach 
offers a good balance between being able to deal with non-linearity, 
good performance and easy interpretability. We demonstrated that the 
QCA model consistently and clearly surpassed a random model in every 
tested aspect of simulation performance, while also achieving a null 
resolution of 120 m, which is only four times the base resolution. 
Particularly with regards to spatial autocorrelation and frequency dis-
tribution of simulated SSD change, QCA showed considerable strengths. 
As such, we argue that the proposed QCA framework holds potential and 
merits further exploration. 
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Appendix 

Accuracy assessment of the binary logistic regression tree model, used to assess change potential in the QCA, and a null utility model in which only 
the intercept is fitted. An independent random sample of 5000 cells was used to perform this accuracy assessment. FA = False Alarms, CR = Correct 
Refusals, FPR = False Positive Rate, TPR = True Positive Rate.  

Model Hits Misses FA CR TPR FPR 

Proposed 823 436 458 3283 0.65 0.12 
Null 306 953 904 2837 0.24 0.24  
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Santé, I., García, A. M., Miranda, D., & Crecente, R. (2010). Cellular automata models for 
the simulation of real-world urban processes: A review and analysis. Landscape Urban 
Planning, 96, 108–122. https://doi.org/10.1016/j.landurbplan.2010.03.001. 

Seabold, S., Perktold, J., 2010. Statsmodels: Econometric and Statistical Modeling with 
Python. Proc. 9th Python Sci. Conf 92–96. 

Shafizadeh-Moghadam, H., Tayyebi, A., Ahmadlou, M., Delavar, M. R., & Hasanlou, M. 
(2017). Integration of genetic algorithm and multiple kernel support vector 
regression for modeling urban growth. Computers, Environment and Urban Systems, 
65, 28–40. https://doi.org/10.1016/j.compenvurbsys.2017.04.011. 

Shan, J., Alkheder, S., & Wang, J. (2008). Genetic algorithms for the calibration of 
cellular automata urban growth modeling. Photogrammetric Engineering & Remote 
Sensing, 74, 1267–1277. https://doi.org/10.14358/PERS.74.10.1267. 

Shannon, C. E. (1948). A mathematical theory of communication. Bell System Technical 
Journal, 27, 379–423. 

Siddiqui, A. A., Siddiqui, A. A., Maithani, S., Jha, A. K., Kumar, P., & Srivastav, S. K. 
(2018). Urban growth dynamics of an Indian metropolitan using CA Markov and 
Logistic Regression. Egyptian Journal of Remote Sensing and Space Sciences, 21, 
229–236. https://doi.org/10.1016/j.ejrs.2017.11.006. 

Tang, J. (2011). Modeling urban landscape dynamics using subpixel fractions and fuzzy 
cellular automata. Environment and Planning B Planning and Design, 38, 903–920. 
https://doi.org/10.1068/b36087. 

Tobler, W., 1979. Cellular Geography, in: Edermein, G., Leinfellner, W. (Eds.), 
Philosophy in Geography. D. Reidel Publishing Company, Dordrecht, pp. 379–386. 
10.1007/978-94-009-9394-5. 

Train, K. (2002). Discrete choice methods with simulation. Cambridge: Cambridge 
University Press, 10.1016/S0898-1221(04)90100-9. 

van Vliet, J., Bregt, A. K., Brown, D. G., van Delden, H., Heckbert, S., & Verburg, P. H. 
(2016). A review of current calibration and validation practices in land-change 
modeling. Environmental Modelling & Software, 82, 174–182. https://doi.org/ 
10.1016/j.envsoft.2016.04.017. 

Vanderhaegen, S., & Canters, F. (2016). Use of earth observation for monitoring soil 
sealing trends in Flanders and Brussels between 1976 and 2013. Belgeo, 0–23. 
https://doi.org/10.4000/belgeo.18025. 

Vanderhaegen, S., De Munter, K., & Canters, F. (2015). High resolution modelling and 
forecasting of soil sealing density at the regional scale. Landscape Urban Plannig, 133, 
133–142. https://doi.org/10.1016/j.landurbplan.2014.09.016. 

Vapnik, V., 2000. The Nature of Statistical Learning Theory, 2nd ed. Springer-Verlag 
New York, Inc., New York. 10.1007/978-1-4757-3264-1. 

Verbeek, T., Boussauw, K., Pisman, A., 2014. Presence and trends of linear sprawl: 
Explaining ribbon development in the north of Belgium. Landsc. Urban Planning. 
128, 48–59. 10.1016/j.landurbplan.2014.04.022. 

Verburg, P. H., de Nijs, T. C. M., van Eck, J. R., Visser, H., & de Jong, K. (2004). A method 
to analyse neighbourhood characteristics of land use patterns. Computers, 
Environment and Urban Systems, 28, 667–690. https://doi.org/10.1016/j. 
compenvurbsys.2003.07.001. 

F. Priem and F. Canters                                                                                                                                                                                                                       

https://doi.org/10.1016/j.patrec.2005.10.010
https://doi.org/10.1080/10106049.2016.1265597
https://doi.org/10.1007/BF01025868
https://doi.org/10.1007/BF01025868
https://doi.org/10.1016/j.compenvurbsys.2016.10.011
https://doi.org/10.1016/j.compenvurbsys.2016.10.011
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0120
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0120
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0120
https://doi.org/10.1016/j.ecolind.2016.02.062
https://doi.org/10.1016/j.ecolind.2016.02.062
https://doi.org/10.3390/ijgi4020447
https://doi.org/10.1007/s00168-007-0155-1
https://doi.org/10.1007/s00168-007-0155-1
https://doi.org/10.1016/j.ecolind.2019.02.019
https://doi.org/10.1016/j.envsoft.2011.09.005
https://doi.org/10.1007/s12145-017-0312-8
https://doi.org/10.1080/13658816.2012.698391
https://doi.org/10.1016/S0198-9715(02)00069-8
https://doi.org/10.1002/wics.49
https://doi.org/10.1002/wics.49
https://doi.org/10.1007/s10708-010-9372-8
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0180
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0180
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0185
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0185
https://doi.org/10.1016/j.landusepol.2017.10.009
https://doi.org/10.1016/j.compenvurbsys.2017.09.009
https://doi.org/10.1080/22797254.2018.1442179
https://doi.org/10.1080/22797254.2018.1442179
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0205
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0205
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0205
https://doi.org/10.1016/j.compenvurbsys.2009.06.001
https://doi.org/10.1016/j.compenvurbsys.2009.06.001
https://doi.org/10.1016/j.landurbplan.2009.05.018
https://doi.org/10.1016/j.landurbplan.2009.05.018
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0230
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0230
https://doi.org/10.1016/j.ecolmodel.2004.05.010
https://doi.org/10.1016/j.ecolmodel.2004.05.010
https://doi.org/10.1080/01431161.2011.552923
https://doi.org/10.1016/j.jag.2019.02.003
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0260
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0260
https://doi.org/10.1016/j.compenvurbsys.2014.05.001
https://doi.org/10.1016/j.compenvurbsys.2014.05.001
https://doi.org/10.1016/j.compenvurbsys.2019.101416
https://doi.org/10.1016/j.compenvurbsys.2019.101416
https://doi.org/10.1016/j.landurbplan.2010.03.001
https://doi.org/10.1016/j.compenvurbsys.2017.04.011
https://doi.org/10.14358/PERS.74.10.1267
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0295
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0295
https://doi.org/10.1016/j.ejrs.2017.11.006
https://doi.org/10.1068/b36087
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0315
http://refhub.elsevier.com/S0169-2046(21)00044-X/h0315
https://doi.org/10.1016/j.envsoft.2016.04.017
https://doi.org/10.1016/j.envsoft.2016.04.017
https://doi.org/10.4000/belgeo.18025
https://doi.org/10.1016/j.landurbplan.2014.09.016
https://doi.org/10.1016/j.compenvurbsys.2003.07.001
https://doi.org/10.1016/j.compenvurbsys.2003.07.001


Landscape and Urban Planning 211 (2021) 104081

12

Verburg, P. H., Ritsema van Eck, J. R., de Nijs, T. C. M., Dijst, M. J., & Schot, P. (2004). 
Determinants of land-use change patterns in the Netherlands. Environment and 
Planning B, 31, 125–150. https://doi.org/10.1068/b307. 

Vermeiren, K., Poelmans, L., Engelen, G., Loris, I., Pisman, A., 2018. What is Urban 
Sprawl in Flanders?, in: REAL CORP 2018 Proceedings/Tagungsband. pp. 537–545. 

White, R., & Engelen, G. (1993). Cellular automata and fractal urban form: A cellular 
modelling approach to the evolution of urban land-use patterns. Environment and 
Planning A, 25, 1175–1199. https://doi.org/10.1068/a251175. 

White, R., Engelen, G., & Uljee, I. (1997). The use of constrained cellular automata for 
high-resolution modelling of urban land-use dynamics. Environment and Planning B, 
24, 323–343. https://doi.org/10.1068/b240323. 

White, R., Uljee, I., & Engelen, G. (2012). Integrated modelling of population, 
employment and land-use change with a multiple activity-based variable grid 

cellular automaton. International Journal of Geographical Information Science, 26, 
1251–1280. https://doi.org/10.1080/13658816.2011.635146. 

Wu, F. (2002). Calibration of stochastic cellular automata: The application to rural-urban 
land conversions. International Journal of Geographical Information Science, 16, 
795–818. https://doi.org/10.1080/13658810210157769. 

Yang, Q., Li, X., & Shi, X. (2008). Cellular automata for simulating land use changes 
based on support vector machines. Computational Geosciences, 34, 592–602. https:// 
doi.org/10.1016/j.cageo.2007.08.003. 

Zhao, Y., & Billings, S. A. (2006). Neighborhood detection using mutual information for 
the identification of cellular automata. IEEE Transactions on Systems, Man, and 
Cybernetics, Part B, 36, 473–479. https://doi.org/10.1109/TSMCB.2005.859079. 

F. Priem and F. Canters                                                                                                                                                                                                                       

https://doi.org/10.1068/b307
https://doi.org/10.1068/a251175
https://doi.org/10.1068/b240323
https://doi.org/10.1080/13658816.2011.635146
https://doi.org/10.1080/13658810210157769
https://doi.org/10.1016/j.cageo.2007.08.003
https://doi.org/10.1016/j.cageo.2007.08.003
https://doi.org/10.1109/TSMCB.2005.859079

	Modelling transitions in sealed surface cover fraction with Quantitative State Cellular Automata
	1 Introduction
	2 Data and study area
	3 Methods
	3.1 The QCA model
	3.1.1 Overview
	3.1.2 Cell space
	3.1.3 States and transitions
	3.1.4 Neighbourhood
	3.1.5 Transition potential and quantity
	3.1.6 Change demand
	3.1.7 Allocation of change
	3.1.8 Calibration, simulation and validation


	4 Results
	4.1 Neighbourhood definition (1987–2001)
	4.2 QCA calibration (1987–2001)
	4.3 QCA simulation and validation (2001–2013)

	5 Discussion
	6 Conclusion
	Funding

	CRediT authorship contribution statement
	Appendix CRediT authorship contribution statement
	References


