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This study compares two types of intermediate soft-classified maps. The first type uses
land use/cover suitability maps based on a multi-criteria evaluation (MCE). The sec-
ond type focuses on the transition potential between land use/cover categories based
on a multi-layer perceptron (MLP). The concepts and methodological approaches are
illustrated in a comparable manner using a Corine data set from the Murcia region
(2300 km2, Spain) in combination with maps of drivers that were created with two
stochastic, discretely operating, commonly used tools (MCE in CA_MARKOV and
MLP in Land Change Modeler). The importance of the different approaches and tech-
niques for the obtained results is illustrated by comparing the specific characteristics of
both approaches by validating the suitability versus transition potential maps to each
other using a Spearman correlation matrix and, between the Corine maps, using clas-
sical ROC (receiver operating characteristic) statistics. Then, we propose a new use of
ROC statistics to compare these intermediate soft-classified maps with their respective
hard-classified maps of the models for each category. The validation of these results
can be beneficial in choosing a suitable model and provide a better understanding of the
implications of the different modeling steps and the advantages and limitations of the
modeling tools.

Keywords: intermediate soft-classified maps; suitability; transition potential;
validation; land change model

1. Introduction

A large panel of software tools is currently available for land change modeling. In the
context of spatiotemporal modeling, a review of the methods and tools used to perform
simulations highlights the principal choices that are involved, including how the model
is evaluated. Recently, there has been increasing interest in the validation of simulation
models that predict changes over time, particularly from an initial time to a later time
(Pontius and Petrova 2010), with a focus on land use and cover change (LUCC), i.e., land
change (Jansen and Veldkamp 2011).

We can distinguish two types of model outputs that are both predicted at a future time:
outputs called hard-classified maps, in which each pixel in a raster map is assigned to
a discrete number of classes that are the same at any time step, and outputs called soft-
classified maps, in which each pixel in a raster map corresponds to probabilities that are
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predicted for the classes. Both hard and final soft results refer to the validation period,
i.e., extrapolation from the later known date to a future date denoted as T, because of the
quantity of the changes/demands that are estimated and their allocations.

In this study, we focus on a type of intermediate softened images that can represent the
conceptual core of these tools. These images are rank-order indices and do not refer to a
concrete future date. Our interest is particularly the difference between two specific results:
suitability versus transition potential images.

A suitability image communicates the most appropriate use of a parcel of land as judged
by a subjective decision based on knowledge or opinion, that is, it determines to what extent
a given piece of land is suitable for a specific use (Steiner et al. 2000). Suitability is not
designed necessarily for prediction, since humans frequently use land for purposes that are
not suitable and this does not consider past history necessarily. Nevertheless, several land
change models are based on suitability maps (Conway and Wellen 2011, Yu et al. 2011)
and therefore researches incorporate information from a previous time period, termed the
training or calibration period t0–t1 or, more frequently, from the last date t1 in the interme-
diate soft maps to improve predictions (Paegelow and Camacho Olmedo 2005; Villa et al.
2007). The inclusion of this information from the calibration period or from the last date
produces not a pure suitability map but a suitability map that can pay partial attention to
human uses implemented that are not suitable but are common.

A transition potential image communicates a researcher’s opinion based on knowledge
of the relative likelihood of transition of one parcel relative to another (Eastman et al.
2005, Sangermano et al. 2010, Wang and Mountrakis 2011). The transition potential is
considered to communicate the likely future based on an extrapolation from information
of LUCC observed during the calibration period t0–t1.

These maps, which are generally produced through the calibration step, may also
be used in forecasting simulations as part of validation techniques, which is one of the
keys to land change modeling. Even calibration can often involve validation (Crooks and
Heppenstall 2012); therefore, assessment methods are necessary to acquire these types
of results. Several studies have focused exclusively on soft simulation results and their
validation (Conway and Wellen 2011, Wang and Mountrakis 2011, Pérez-Vega et al. 2012).

With these aims, in this study we use different models, an approach that has been used
in relatively few previous studies (Pontius and Malanson 2005, Villa et al. 2006, Paegelow
and Camacho 2008, Pontius et al. 2008, Mas et al. 2011, Wang and Mountrakis 2011).
We compare suitability and transition potential images, modeling the land use and cover
(LUC) state and the transitions, respectively, which are produced by multi-criteria evalua-
tion (MCE) in CA_MARKOV and multi-layer perceptron (MLP) in Land Change Modeler
(LCM), respectively. Both are available in the IDRISI GIS system. CA_MARKOV pro-
duces only suitability images as softened results. LCM produces two types of soft results:
a transition potential as intermediate soft images for each modeled transition and an overall
change potential image that takes into account all of the transitions. This overall change
potential image is formed at the same time as hard predictions in the change allocation
step.

Additionally, we validate the results by applying several assessment methods to dif-
ferent objects, including real-world and hard-classified maps and the two softened map
results. Our goal is to compare the suitability and transition potential map validity in terms
of a change potential evaluation and an initial approximation of their relationship with the
change allocation results, that is, hard classification with respect to the simulation step.

In Section 2, we describe the models and the study area. Then, the practical applica-
tion to our data set is explained, including the methods used to calculate suitability and
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potential for transition maps, and we briefly describe the hard-classified output. The vali-
dation methods used in this study are also presented in this section. Results and validation
are presented in Section 3. Sections 4 and 5 are focused on a discussion of the principal
results and conclusions, respectively.

2. Methods

2.1. The models: MCE in CA_MARKOV and MLP in LCM

To address the research question, the framework of this work is a comparison of two
modeling approaches with discrete time and stochastic methods to predict the future LUC
area. These methods are widely available as two IDRISI modules (Eastman 2009) and are
among the most commonly used modeling tools: CA_MARKOV and LCM. To allocate the
changes in space, the first approach uses suitability maps for each LUC category based on
a supervised MCE. The second approach generates the transition potential from one land
use category to another using MLP.

Both approaches require an analysis of the explanatory variables that can possibly
account for the occurrence of LUC or LUC changes. Nevertheless, these methods are sub-
stantially different. CA_MARKOV requires a series of suitability images for each LUC
category. This information can be produced in different ways, including manually created
maps, the results of statistical methods and, more generally, maps that are derived from an
MCE. An MCE splits explanatory variables into constraints, which are binary maps that act
as masks, and factors expressing the variable suitability over space. For further information
about MCE, see Eastman et al. (1995), Eastman (1996), Gómez and Barredo (2005) and
Paegelow and Camacho (2005). CA_MARKOV is considered to be a more supervised tool1

than LCM.
LCM offers the possibility of integrating various transitions involving the same

explanatory variables into one sub-model. Then, the model computes the transitional,
sub-model-specific measures of the driver impact using various methods, e.g., natural log-
arithmic and evidence likelihood. Additionally, LCM offers the possibility of training the
model using logistic regression, SimWeight, which is a machine learning procedure, and
an MLP. LCM is considered to be a more automated tool2 than CA_MARKOV.

For hard-classified map results, both approaches can use the same Markov chain matri-
ces for quantity of change estimations. Next, the same multi-objective land allocation
mechanism is applied to allocate these changes based on the choice of the most suitable
pixels, i.e., those pixels with the greatest potential for the occurrence of LUC or LUC
changes, and to solve the incompatibilities between the different uses or transitions.3

2.2. Study area, model of land use and data

The two modeling approaches and their calibrations are based on LUC knowledge of the
different time steps and the related explanatory variables. We use two LUC maps from time
t0 for 1990 and time t1 for 2000 to simulate the LUC during 2000–2006 (2006 denoted as T)
for a 2300-km2 area in the Spanish autonomous community of Murcia (Figure 1). The LUC
maps include seven categories that were used in the Corine Land Cover data set: (1) Urban,
industrial and transport uses; (2) Wooded land; (3) Grassland and Scrub; (4) Unproductive;
(5) Irrigated crops; (6) Rain-fed crops; and (7) Surface water and wetlands. A Corine LUC
map from 2006 was used to validate the resulting simulations. The surface per category
for the three dates is shown in Figure 2, and larger transitions between 1990–2000 and
2000–2006 are shown in Figure 3.
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2346 M.T. Camacho Olmedo et al.

Figure 1. Location of the study area (Spain). LUC in 1990 (left), 2000 (middle), and 2006 (right).
(1) Urban, industrial and transport uses; (2) Wooded land; (3) Grassland and Scrub; (4) Unproductive;
(5) Irrigated crops; (6) Rain-fed crops; (7) Surface water and wetlands.
Source: Corine Land Cover.

Figure 2. Corine LUC area (103 hectares) in 1990, 2000, and 2006.

The choice of explanatory variables is based on the methodological orientation (Pontius
et al. 2008), availability of geo-referenced data (Gómez and Grindlay 2008) and previous
work from the given workspace.4 Variables are topographic variables, protected area maps,
accessibility and road distance maps and hydrological distance maps.
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Figure 3. Corine area (hectares) of larger transitions between 1990–2000 and 2000–2006.

2.3. Managing variables to obtain suitability and transition potential maps

Despite their fundamental methodological differences, we employed the MCE and MLP
models in manners as similar as possible to each other and avoided addressing their specific
characteristics. Thus, neither model was used to its fullest potential. However, this approach
has the advantage of reducing the differences among the majority of stages, which allows
the identification of model specificities in the soft results, suitability in MCE and transition
potential in MLP, and their corresponding processes: an MCE versus an MLP.

We used the following procedure to obtain suitability and transition potential maps.
First, the degree of equivalence is established between the suitability for a specific use
and the general dynamics to which the transitions refer. MCE is applied to obtain seven
suitability maps, one per LUC category. In the practical application of MLP, six sub-models
are applied, one per dynamic, whereas 11 transition potential maps, one per transition, are
returned. These transitions were chosen among the total transitions based on their large
surfaces and suitable processes of change (Table 1).

Second, we used evidence likelihood to transform the explanatory variables into fac-
tors. This procedure analyzes the relative frequency of pixels that belong to the different
categories of that variable within the areas of LUC change or LUC occurrence. It is an
efficient method to incorporate categorical variables into the analysis, and it accepts con-
tinuous variables that have been binned into categories. We also use evidence likelihood to
obtain degrees of restriction, as used in a fuzzy analysis. Despite this common choice of
evidence likelihood transformation, the reference maps, that are binary maps, are different
for MCE and MLP. For MCE, the reference map is the most recent land use category, LUC
at t1. For MLP, the chosen reference map is a map of transitions that are considered in a
sub-model during the calibration period t0–t1. This option aims to preserve the nature of
state of the categories in suitability and the changing categories in transition potential.

The Pearson correlation is calculated between all pairs of factors per suitability map
and sub-model (Table 2), with the exception of suitability map 7 because of the absence
of an equivalent transition. These values indicate that the choice of cited reference maps
can affect the similarity or dissimilarity of these factors. Figure 4 shows an example of two
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Table 1. Equivalence between the LUC suitability maps (columns) and transitions from 1990–2000
(rows). The general dynamics (in boxes) are the sub-models in LCM: the legend ranges from 1
(urban growth) to 6 (new rain-fed crops). The LUC suitability 7 does not have equivalence with any
transition.

Suitability
(col)

Transitions
(90-00)
(rows)

1 Urban,
industrial and
transport uses

2 Wooded
land

3 Grassland
and Scrub 4 Unproductive

5 Irrigated
crops

6 Rain-fed
crops

3 to 1
4 to 1 1 Urban
5 to 1 growth
6 to 1

3 to 2 2 Forest
regeneration

4 to 3 3 Grassland
and

scrub
regeneration

6 to 4 4 Human
intervention

3 to 5 5 New
irrigation

and rain-fed
irrigation
change

4 to 5
6 to 5

4 to 6 6 New
rain-fed

crops

factors that are extracted from the digital elevation model (DEM) for MCE and for MLP in
suitability and sub-model map 4, respectively, that show that no linear relationship exists
between them (Pearson value of 0.0324). The reference maps, real LUC 4 in 2000 (left)
and real transition of 1990–2000 from 6 to 4 (right), are superimposed in red.

Another difference between MCE and MLP is that MLP assigns a value of 0 to not
candidates for the land transition. To mitigate this difference, we introduce a constraint
in MCE corresponding to these not candidates for the land transition. It should be noted
that this difference mainly affects the target category, which is given a value of 0 in MLP
because this category has a null transition potential, whereas it is given a value of up to 1 in
MCE.

Finally, in MCE, the user can input factor weighting. By contrast, MLP automatically
evaluates and weights each factor and implicitly takes into account the correlations between
the explanatory maps. Previously, MLP has offered Cramer’s V between the factors and
the later LUC map, LUC at t1, i.e., a quantitative measure that indicates how much the first
ones are relevant to the second one. This feature is one of the main differences between
both modules. To mitigate this difference, we use Cramer’s V of the collection of factors
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Table 2. Explanatory variables for each suitability map (MCE) and sub-model (MLP). Pearson
correlation values of every pair of factors obtained by evidence likelihood are included in boxes. For
the MCE factors, the reference map chosen is LUC at 2000 (t1). For the MLP factors, the reference
map chosen is the transition during 1990–2000 (t0–t1).

Pearson correlation values of every pair of factors
between suitability (MCE) and sub-model (MLP)

Explanatory variables 1 2 3 4 5 6

Elevation 0.9047 0.7995 0.4127 0.0324 0.9263 0.1596
Slope 0.9988 0.9575 0.9746 0.8450 0.9959 0.8637
Aspect 0.9131 0.9119 0.8028 0.3313 0.9235 0.7378
Protected areas 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Accessibility to principal dirt 0.9620
Accessibility to human settlements 0.9703
Distance to secondary dirt road 0.9851 0.9992 0.4663
Distance to Taibilla Channel 0.9830 0.9562 0.2149
Distance to irrigation channels 0.8174
Distance to network of rivers and streams 0.9850
Distance to network of ditches 0.9821
Distance to catchments 0.9966
Irrigation community map 1.0000
Aquifers map 1.0000

Figure 4. Empirical likelihood of the real LUC 4 in 2000 derived from DEM (left); and of the real
transition of 1990–2000 from 6 to 4 derived from DEM (right). The reference maps, real LUC 4 in
2000 (left) and real transition of 1990–2000 from 6 to 4 (right), are superimposed in red.

for each LUC to obtain the weights using the Saaty method under the analytical hierarchy
process (AHP) and we introduce them into the weighted linear combination (WLC) of
MCE.

2.4. Obtaining hard-classified maps

For the hard-classified maps, the same Markovian matrix (Table 3) is used in
CA_MARKOV and LCM to compute the transition probabilities and transition cell
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numbers between the LUC categories. Additionally, both models resolve incompatibilities
between different uses or transitions using the same multi-objective evaluation algorithm.
The difference concerns the cellular automaton (CA) that is included in CA_MARKOV.
The default 5 × 5 filter is applied for the hard-classified CA_MARKOV simulation. The
filter is applied for each binary LUC map that is temporally extracted from the simulated
LUC map. Applying this contiguous filter, the considered LUC category loses and gains
pixels depending on the filter design and suitability maps that are used to conform the
resulting map to the Markov chain-predicted LUC areas.

2.5. Validation methods

Two types of areas will be validated. The first type constitutes the candidate for change
areas, which are the common points for comparing both types of results, and which cor-
respond to Corine LUC at t1 pixel candidates for modeled transitions. The second type
constitutes the total areas, candidate for change areas and candidate for persistence areas,
the last one corresponding to Corine LUC at t1 target use. Only suitability maps include
the total area that will be used for a better understanding of this result comparing it to the
MCE results for the candidate for change areas only.

Masking with not candidate LUC or not candidate land change is used for all of the
assessment methods.

2.5.1. Assessment of the congruence of different model outputs

Taking into account that the two intermediate soft images are rank-order indices, we use
an assessment method that focuses on the similarity or correspondence between them, cal-
culating the Spearman rank correlation coefficient, a nonparametric measure that assesses
how well the relationship between both images can be described by a monotonic, not neces-
sarily linear, function. A Spearman correlation of zero indicates that there is no monotone
function between both images. The Spearman correlation increases in magnitude when val-
ues of both images become closer to being perfect monotone functions of each other, i.e.,
a correlation of +1 or −1. This ordinal correlation analysis can be an initial approach to
evaluate the degree of similarity between the two maps, and this type of analysis might be
an adequate assessment method in the context of model land change (Conway and Wellen
2011).

In this work, we obtain Spearman correlation values between the LUC suitability
and modeled transition potential for candidate for change areas only and graph their
relationships through scattergrams.

2.5.2. Assessment by real data

For these intermediate softened maps, a full validation assumes two unique characteristics:
(1) these maps do not refer to a future concrete date but will be validated with future con-
crete maps, and (2) these maps are rank-order indices, but real land use typically includes a
categorical legend. We expect that each category or real transition will be allocated where
the values are highest in soft-classified maps; by contrast, other categories or transitions
will be allocated where the values are lower. Validation methods must then compare a rank
image with a Boolean image where that category or real transition is located.

In this study, we apply a tested and robust index that is the main appropriate technique
to compare rank-order variables: ROC (receiver operating characteristic) and, specifically,
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the area under the ROC curve (AUC), that is a summary metric (Pontius and Parmentier in
press). An AUC value of 0.5 indicates complete randomness between two maps, whereas
a value of 1 indicates perfect spatial agreement (Swets 1988, Pontius and Schneider 2001,
Jansen and Veldkamp 2011). Values lower than 0.5 indicate a systematically incorrect
model (Eastman et al. 2005). ROC is a powerful calibration tool because it allows the
measurement of how well a suitability map that expresses the training knowledge agrees
with the initial model’s known conditions (Pontius and Schneider 2001).

ROC is applied to compare intermediate soft-classified maps to Corine data in a clas-
sical manner. Focusing on candidate for change areas, the AUC values were computed for
Corine binary transition maps from time t1 2000 to time T 2006 and sub-models obtained
using MLP and MCE suitability maps. The AUC values were also calculated based on a
category-by-category comparison of Corine binary LUC maps from 2006 with MCE suit-
ability maps. In this case, we validated the LUC state, including the candidate for change
and persistence areas.

A mask for background pixels or for pixels which are not candidates in the soft-
classified map has been used. A threshold of 10 is selected for all treatments, that is,
each bin contains 10% of the candidate region. This is an equal threshold width option
that means that the percentage of highest pixels in the soft images to be compared with the
reference image will be 10% in the first threshold, and this width will be added on to each
subsequent threshold until 100%.

2.5.3. Assessment of the different outputs from the same model

In the present study, we propose a new use of the ROC index in comparing soft-classified
maps to hard-classified maps to assess their relationship. It must be borne in mind that
the intermediate soft-classified maps do not refer to a future specific date and reference
maps for obtaining factors are LUC at t1 in suitability maps and the calibration period t0–t1
in transition potential maps. The hard-classified maps refer to the validation period t1–T,
because of the quantity of the changes/demands that are estimated and their allocations.
For the candidate for change areas, binary maps are those of the simulated land changes
in CA_MARKOV and the simulated land changes in LCM maps, which are compared to
the suitability maps and sub-model maps, respectively. For the total areas, candidate for
change and persistence areas, the AUC value is obtained by comparing the simulated LUC
in 2006 by CA_MARKOV with the suitability maps. A threshold of 10 is also selected for
all treatments, that is, each bin contains 10% of the candidate region.

3. Results

3.1. Suitability versus transition potential maps and hard-classified maps

The MCE results are suitability maps for seven land uses; however, the suitability map 7,
i.e., Surface water and wetlands category, will not be considered for validation because
there is no transition potential equivalent. This method was applied to every transition sub-
model, yielding 11 transition potential maps that reflect the change potential over space
and time (Table 1). To compare the results, overall map grouping transitions by general
dynamics, i.e., sub-models, are formed by simple union (Figure 5).

CA_MARKOV and LCM hard-classified maps for time T 2006 are also obtained.
For detecting error and correct prediction (Pontius et al. 2008), observed persistence and
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Figure 5. Suitability maps (MCE) (left and center) and sub-model maps (MLP) (right). Candidate
for change and candidate for persistence areas (left) correspond to Corine LUC at t1 pixel candidates
for modeled transitions and to Corine LUC at t1 target use, respectively. Candidate for change areas
(center and right) correspond to Corine LUC at t1 pixel candidates for modeled transitions. White
areas correspond to not candidate LUC or not candidate land change.
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2354 M.T. Camacho Olmedo et al.

Figure 6. Observed persistence and changes from 2000 to 2006 crossed with predicted persistence
and changes from 2000 to 2006 based on CA_MARKOV (left) and LCM (right) (hectares).

changes from 2000 to 2006 are crossed with predicted persistence and changes from
2000 to 2006 based on LCM (left) and CA_MARKOV (right) simulation in Figure 6.

The correct prediction corresponds to observed changes predicted as changes, where
LCM is slightly more accurate than CA_MARKOV, and to observed persistence predicted
as persistence, where CA_MARKOV is slightly more accurate than LCM. The error pre-
diction corresponds to observed persistence predicted as changes, where LCM shows
more errors than CA_MARKOV, and to observed changes predicted as persistence, where
CA_MARKOV shows more errors than LCM. The figure of merit (Pontius et al. 2008),
which expresses values ranging from 0 (no overlap) to 100% (perfect overlap) between the
observed and predicted change, is 10.5549% for CA_MARKOV simulation and 10.3988%
for LCM simulation.

The total surface of errors highlights that the Corine quantity of change was much
larger than that of the simulated change. A complete hard-classified validation, which is
not the scope of the present work, could explain this fact analyzing Markov transitions with
respect to Corine transitions for the validation period, particularly if Corine transitions do
not show a linear behavior. The accuracy of the estimation of Markov transitions is limited
by the fact that the Markov chain does not extrapolate the observed nonlinear transitions.

3.2. Validation

3.2.1. Agreement between the LUC suitability and the modeled transition potential for
candidate for change areas

The Spearman correlation values and scattergrams (Figure 7) indicate that for sub-models
and suitability maps 2, 5, and 6, the same areas exhibit a low or high susceptibility to
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Figure 7. Scattergram for the Spearman correlation for candidate for change areas between the
suitability maps and transition potentials (by sub-model).
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change, with Spearman values equal to or greater than 0.7. A value of 0.64, corresponding
to sub-model and suitability map 1, and a value of 0.48, corresponding to sub-model and
suitability map 3, indicate a moderate correlation. However, the category Unproductive,
i.e., sub-model and suitability 4, show a low, negative relationship with Spearman values
of –0.32, indicating that low values of suitability correspond to high values of change
potential and vice versa.

Scattergrams show that all of the transition potential maps, except for sub-models 2 and
3, span the entire spectra of possible values, whereas the suitability maps are restricted to
smaller ranges. The isolated point clouds in the scatter plot can be explained by the incor-
poration of categorical variables into the analysis and also for having obtained degrees of
restriction, as used in fuzzy analysis, using evidence likelihood transformation as com-
mented in Section 2.3. MCE seems to be more sensitive to this procedure than LCM is,
except for sub-models 2 and 3, where the behavior is similar for both models.

3.2.2. Agreement between Corine maps and modeled transition potentials versus LUC
suitability for candidate for change and persistence areas

With respect to the candidate for change areas, Figure 8 shows that the AUC values from the
MLP results range from 0.506 to 0.718. Two of the AUC values are close to 0.5, indicating
randomness. The AUC values for the MCE results range from 0.572 to 0.795, including one
value that is close to 0.5. The maximum difference between the AUC values per category
is 0.104. Nevertheless, it must be pointed out that all of the AUC values are greater in the
MCE results, with the exception of the Urban category, i.e., sub-model 1.

For the categories, more homogeneous categories and/or sub-models yielded greater
AUC values, as sub-models and suitability maps 1, 2, 3, and 6. Meanwhile, the AUC values
show a weaker fit for unproductive areas, i.e., sub-model and suitability map 4, which may
transition to diverse uses, and the results are close to the limit of randomness (0.5) in both
models.

Figure 8. AUC values for the 2000–2006 occurred land changes (0/1) versus the MLP sub-models
(left) and MCE suitability maps (middle); the AUC values between the real LUC 2006 (0/1) and the
MCE suitability map for the candidate for change and persistence areas (right). The ROC is based on
a threshold of 10, that is, each bin contains 10% of the candidate region.
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For hand-irrigated areas, i.e., sub-model and suitability map 5, MLP shows random
values. Individual transitions are also evaluated to obtain a better understanding of their
behavior (AUC values for 3 to 5: 0.699; 4 to 5: 0.696; 6 to 5: 0.487), and the smaller AUC
values correspond to areas that have transitioned from nonirrigated to irrigated use.

Compared to the preceding AUC–MCE values, for the total areas, including can-
didate for change and persistence areas (Figure 8, right column), AUC is greater for
urban areas and irrigated areas, and smaller for nonirrigated areas. For unproductive areas
of pastureland, the results are similar to the other AUC–MCE values where they are
close to 0.5.

3.2.3. Agreement between the hard-classified maps and the modeled transition potential
versus LUC suitability for candidate for change and persistence areas

Figure 9 shows that for candidate for change areas, the AUC values for the LCM simula-
tions exceed 0.94 for sub-models 1, 4, 5, and 6, and exceed 0.8 for sub-models 2 and 3.
This finding indicates that LCM allocates the transitions in compliance with the highest
values from the transition potential maps. The AUC values for the CA_MARKOV sim-
ulations vary between 0.731 and 0.879, and the value for suitability map 4 is close to
randomness, which indicates that this model complies less than LCM with the higher
values in their suitability maps to allocate simulated transitions, except for suitability
maps 2 and 3.

For the total areas – candidate for change and persistence areas – of suitability maps
1 and 5, the AUC are greater than those for the candidate for change areas. However, the
remaining results are smaller compared to the simulated transitions, approaching the limit
of randomness. This finding indicates that the CA_MARKOV hard-classified map is less

Figure 9. AUC values for 2000–2006 simulated land changes (0/1) in LCM and MLP sub-models
(left); the AUC values for the 2000–2006 simulated land changes (0/1) in CA_MARKOV and the
suitability maps (MCE for candidate for change areas) (middle). The right column shows the AUC
values between the simulated CA_MARKOV LUC 2006 (0/1) and the MCE suitability (candidate
for change and persistence areas). The ROC is based on a threshold of 10, that is, each bin contains
10% of the candidate region.
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compliant with the higher values from the suitability maps when allocating the total area
than when allocating the change areas only.

4. Discussion

The following questions must be answered. Which reasons explain the differences
(1) between the suitability and transition potential maps themselves, (2) between
these intermediate soft-classified maps in terms of predictive ability, and (3) in terms
of behaviors when taking into account their own soft-classified maps for allocating
changes?

(1) The assessment method applied in this study shows moderate-to-high cor-
relation values between suitability and sub-model change potential maps in
grouping the transitions for candidate for change areas, with the exception of
one pair. Pontius and Malanson (2005) demonstrate that there can be more vari-
ation in output due to the choice of a model’s parameters than to the choice of
the model. In our example, the parameters used are as similar as possible, as
the calibration process is for obtaining soft-classified maps with respect to the
explanatory variables and transformation; however, some differences cannot be
avoided. The most important difference involves the choice of reference maps
for obtaining factors with the purpose of drawing LUC state patterns, one time
point calibration, or transition patterns, two time point calibration.

The LUC state patterns in MCE and the transition patterns in MLP are the concep-
tual core of these soft-classified maps, which justifies this developed comparison. If the
patterns in the general state of LUC, i.e., destination category, are not the same as
the patterns in the real transition, i.e., origin category to destination category, then the
results could be different. This difference might be exacerbated if the real transition is a
small area because this small area imposes this pattern to obtain the factors. In addition,
the LUC state usually has a larger surface area that is able to show a different pattern.

(2) There are also differences in the predictive ability for the suitability and sub-
model maps. MCE maps give greater AUC values in all suitability maps except
for one, the Urban uses, although the general similarity is reflected in the vali-
dation with a real transition (2000–2006), where the AUC values of two types
of maps are relatively close.

In our case study, in MLP the reference maps for the calibration period are excluded for
the simulation period because Corine transitions from t1 to T occur in different areas
relative to past transitions. In MCE, the reference maps, i.e., the Corine LUC at time t1,
may be included in the Corine LUC at time T, corresponding to the persistence areas in
T. Consequently, if the patterns of change are not maintained during the calibration and
simulation periods, then the results from MLP are less realistic than the MCE results,
which are based on the state patterns on the last date of the calibration period. The
suitability approach does not consider past changes that occurred during a recent period
but rather considers the distribution of land cover that results from the changes that have
been made since the beginning of human activities in the study area.
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(3) The new and proposed use of ROC shows that for simulated transitions,
LCM complies more with the higher values in the sub-models maps than
CA_MARKOV does in the suitability maps, as shown in Figure 9. For the total
area, CA_MARKOV gives less compliance to suitability maps, whatever can be
explained by persistence areas. Even if the suitability maps include information
about persistence areas, it appears to depend more on the LUC state in t1 than
on the higher values in the suitability maps.

This interpretation cannot go beyond the agreement in terms of allocation because of the
relative thresholds of the ROC analysis. Moreover, the assessment with hard-classified
maps does not depend solely on intermediate soft-classified maps; it also depends on
two important steps. The first step is how the model estimates the quantity of changes,
that is, how the Markov matrix works. The second step is how the model allocates
these changes and the persistence areas, i.e., how the multi-objective method for con-
flict resolution works. These aspects inform an absolute hard-classified maps validation
procedure which is beyond the scope of this study. Nevertheless, as cited in Section 2.4,
when CA_MARKOV allocates changes, the default 5 × 5 cellular automata modify the
original suitability maps upon weighting the suitability of the neighboring pixels within
the filter, what can explain the different behavior in Figure 9.

The discussion from the present case study must be contextualized, taking into
account the models, parameters, and data used. Future studies should consider imple-
menting such models exhaustively (Torrens 2011) and running each model in different
places and times (Pontius et al. 2008).

5. Conclusion

Suitability and transition potential are two types of intermediate soft-classified maps. One
of the main differences between the two approaches involves how changes over time are
considered. Modeling the LUC state or modeling the transitions lies at the heart of these
two approaches in our case study. A model that is calibrated with the state at one time
point, i.e., the MCE model, can offer advantages over a model that is calibrated with the
difference between two time points, i.e., MLP model, and vice versa.

The suitability-based modeling tool does not explicitly consider recent past changes
but implicitly includes the total past changes because reference maps for transforming the
variables to factors and for weighting them are the state LUC at t1. By contrast, the change
potential-based modeling tool evaluates the change potential for each possible transition,
where the future potential of the space is split into specific transitions across a finite number
of LUC categories. Then, the reference map for creating the factor is the real transition
from t0 to t1.

These two types of reference maps produce important consequences for the factors
obtained, which are aggravated if the surfaces of the two reference maps have large
differences, and can partly explain the contrasts in the equivalent suitability maps and
sub-models.

If the patterns of change are maintained from the calibration period to the simula-
tion period, then modeling the transitions is a more appropriate choice; however, if the
patterns of the changes vary, then modeling the suitability map can produce more realis-
tic results. In our case study, the MLP model outperforms the CA_MARKOV model in
modeling urban growth because the transition potential map for urban growth captures
urban change more accurately than the suitability map does. The CA_MARKOV model
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outperforms the MLP model in the other categories or transitions because the suitability
maps of the categories capture the land use and/or land change patterns of these categories
more accurately.

Validating intermediate soft-classified maps appears to be a useful step in the initial
overview of the accuracy of land change models. The assessment methods applied in this
study and their approaches can serve as a companion guide to the more classical hard-
classified validation methods. Comparing two models in three stages (comparing their
intermediate soft-classified maps to each other, comparing them with observed data, and
comparing them with their own simulations) can aid in determining how a model works,
the agreement between the values from these maps and those of the observed world and
the LUC allocation.
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