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Abstract
This study attempts to establish multi-temporal accuracy of the predicted maps produced by a land use
change simulation model over time. Validation of the forecasted results is an essential part of predictive
modeling and it becomes even more important when the models are used for decision making purposes.
The present study uses a popular land use change model called SLEUTH to investigate the temporal trend
of accuracy of the predicted maps. The study first investigates the trend of accuracy of the predicted maps
from the immediate future to the distant future. Secondly, it investigates the impact of the prediction date
range on the accuracy of the predicted maps. The objectives are tested for the city of Gorizia (Italy) using
three sets of map comparison techniques, Kappa coefficients, Kappa Simulation and quantity dis-
agreement and allocation disagreement. Results show that, in addition to the model’s performance, the
decrease in the accuracy of the predicted maps is dependent on factors such as urban history, uncertainty
of input data and accuracy of reference maps.

1 Introduction

Land use change studies usually compare the landscape at two points in time and model the
transition quantities and proportions of change both across the landscape and among land use
and cover classes (Lambin and Geist 2006). Developments in computation and improved
availability of multi-temporal geospatial data, especially from remote sensing, have revolution-
ized the study of land use change, and present new opportunities for effective modeling. Land
use change simulation models involve the creation of abstractions of geographical space and
algorithmic representation of the interactions among the different land use types. The use of
these models helps to capture the dynamic processes that take place within the space (Clarke
2004; Verburg et al. 2006). Thus these models are necessarily simplifications of reality, and
their predictions are at best estimates.

In practice, applying a model consists of four stages (Clarke 2004): input of the initial
conditions; calibration; prediction; and validation. Each stage of modeling has its associated
error and uncertainty incurred while transforming and representing the real world and during
simulation. By prediction, we mean the creation of possible future states based on models,
data and theoretical assumptions. An accuracy assessment of the predicted maps outside the
model is necessary to establish confidence in the modeled results. When models are used for
long-term planning and/or critical decision-making, then they must produce sufficiently accu-
rate results in order to undertake meaningful and informed decision support and planning.
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The present study used a popular land use change model SLEUTH (Clarke et al. 2007) to
investigate the temporal uncertainty of spatially distributed forecasts. In this article, uncer-
tainty analysis is defined as the measure of the accuracy of the predicted maps, and temporal
uncertainty as the amount of inaccuracy in the multi-temporal predicted maps and its trend
over the predicted years. At the final stage of modeling, validation of the predicted maps deter-
mines the accuracy of the maps when compared with the observed maps for the corresponding
years. In this study, the temporal uncertainty of the predicted maps was calculated by compar-
ing multiple predicted and observed maps of the area under focus from the immediate future
to the distant future. The decrease in the accuracy of the predicted maps over time was quan-
tified to explore the temporal uncertainty when using the SLEUTH model.

It is well known that mechanical and information systems inherit the property of entropy,
that is, the tendency of a system over time is to become more disordered. An urban model’s
use is no different, over time its predictive power should decrease and its uncertainties magnify
and dissipate. Thus the objectives of this study are to test two null hypotheses: (1) the predic-
tion date range should not impact the accuracy of the predicted maps; and (2) the accuracy of
the predicted maps should be equal both in the immediate future and the distant future. It is
possible that as longer time periods are modeled, the accuracy of the predicted maps decreases
in quantity and errors become more spatially distributed. To test these hypotheses, it is impor-
tant both to quantify and to spatially locate the inaccuracies in order to understand the mag-
nitude and distribution of variation.

Chaudhuri and Clarke (2012) applied SLEUTH in Gorizia (Italy) and Nova Gorica
(Slovenia) to analyze the impact of policy on land use change and the predicted maps from
that study provide a good case study to test accuracy over time. To evaluate the first hypoth-
esis, the SLEUTH land use change model was used to make forecasts over multiple date ranges
both in the past and the future (prediction from: (1) 1970–2040; (2) 1985–2040; (3) 2000–
2040; (4) 2004–2040) to measure the effect of temporal extent on the accuracy of the pre-
dicted maps. For the second, the study used the Gorizia-Nova Gorica results from the
prediction range that held the maximum accuracy (2004–2040), and explored the accuracy of
each of the predicted maps from the start date of the prediction range (2005) further into the
future (2010), where data were available for validation.

2 The Sensitivity of Predicted Maps

According to Saltelli (2000, p. 4) ‘Sensitivity analysis studies the relationships between infor-
mation flowing in and out of the model.’ In other words, sensitivity analysis consists of the
identification and quantification of the different sources of uncertainty in simulation modeling
that impact the model output, such as quality of input data, process understanding of the
model, or error propagation. Sensitivity analysis helps to establish confidence in a model and
its predictions (Liliburn and Tarantola 2009). Uncertainty analysis, on the other hand, is the
measure of accuracy of the model output, which may result from uncertainties associated with
modeling and model inputs. Uncertainties in a model and its inputs arise from different
sources, and are even more difficult to quantify when the inputs consist of a combination of
spatio-temporal geographic data (Liliburn and Tarantola 2009). Some models use methods
such as Monte Carlo simulation to provide estimates of uncertainty.

The use of cellular automata (CA) models in the simulation of land use change from one
time point to another is subject to the errors and uncertainties associated with CA models (Yeh
and Li 2006) and with the spatial data on which its use is based (Crosetto and Tarantola
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2001). Multiple studies (Urban et al. 2006; Yeh and Li 2006; Liliburn and Tarantola 2009)
have identified the different sources of error in simulation modeling that can lead to the overall
uncertainty in CA model outputs. Thus for long-term predictions using these models, quantify-
ing the amount of accuracy in each of the multi-temporal predicted outputs will help to under-
stand how the accuracy of the predicted maps change for the predicted years from the
immediate future into the distant future. This information will provide better insight for prac-
tical application of the model. Contemporary and related land use change simulation models
are also subject to similar errors and uncertainties that ultimately impact their model outputs.

Inaccuracies in the modeled outputs of land use change simulation models can be quanti-
fied using various map comparison techniques (Pontius 2000; Hagen 2002; Hagen-Zanker and
Martens 2008; Pontius and Millones 2011). During the validation stage of modeling, modelers
usually quantify the accuracy of the first predicted map and for subsequent prediction years
the accuracies are extrapolated according to the results of the first. A study conducted by
Pontius and Spencer (2005) showed that the prediction accuracy of the Geomod model in
Central Massachusetts decreased by 90% over 14 years, and to near complete randomness
over 200 years. Goldstein et al. (2004) estimated that SLEUTH can be run for forecasts of
urban extent for a time period as long as the historical data, in their case 70 years. On the
other hand, Candau and Clarke (2000) showed that the accuracy of forecast maps increases
with input data from the immediate past, and decreases when the model is calibrated over
longer historical time durations, even for short-term forecasts. The present study extends this
theme of examining the temporal trend of prediction accuracy by performing an accuracy
analysis of each of the first five predicted years of SLEUTH forecasts, to measure the trend
in accuracy of predicted maps over time. Analysis of the results helps us to understand the
causes of decreasing accuracy over time and its dependence on the regional characteristics of
a simulation.

3 Map Comparison Techniques

Accuracy of prediction, in general, is determined by comparing a predicted land use map with
an observed map of the same time period with an equal number of land use classes. This pro-
cedure is theoretically true when the observed map is perfectly accurate (Pontius and Lippitt
2006); but in reality the observed map itself is subjected to a certain amount of classification
error compared with the reality on the ground. Multiple studies have been conducted to
account for the errors in the observed maps (Pontius and Lippitt 2006; Pontius and Li 2010).
This is particularly relevant when the input maps are from classified remotely sensed data,
especially at medium spatial resolution, where measured classification accuracy may be only
about 80% due to the mixed pixel problem. An accuracy analysis of the observed maps is
essential to determine the credibility of the predicted maps and to provide reasonable explana-
tions for the possible estimates of errors.

At present multiple methods have been used to compare the simulated maps and the
actual maps to estimate the accuracy of the predicted land use maps (Hagen 2003;
Hagen-Zanker et al. 2005; Hagen-Zanker 2006; Pontius et al. 2004, 2007; Van Vliet et al.
2011, Pontius and Millones 2011). The present study used three map comparison techniques
from this literature: the Kappa coefficient (and its variations) (Pontius 2000; Hagen 2002),
the quantity and allocation disagreement (Pontius and Millones 2011) and Ksimulation (and
its variations) (Van Vliet et al. 2011) to assess the temporal trend of accuracy of the predicted
urban maps modeled by SLEUTH. The results also help to compare these techniques and to
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verify the validity of the results. The next section provides a brief explanation of the three map
comparison techniques that were applied in this study to test the uncertainty of the predicted
maps.

The Kappa statistic has been the most popular measure of accuracy used in the field of
remote sensing and map comparison. More recently, studies have explored the applications,
advantages and disadvantages of Kappa (Congalton et al. 1983; Monserud and Leemans
1992; Congalton and Green 1999; Smits et al. 1999; Pontius 2000; Wilkinson 2005; Pontius
and Millones 2011). The use of the kappa coefficient for assessing map accuracy has been sub-
jected to intense criticism, mostly because of its allowance of chance agreement which leads to
an underestimation of map accuracy (Brennan and Prediger 1981; Aickin 1990; Foody 1992,
2004, 2008; Ma and Redmond 1995; Stehman 1997; Stehman and Czaplewski 1998; Turk
2002; Jung 2003; Di Eugenio and Glass 2004; Allouche et al. 2006; Pontius and Millones
2011). Despite the criticism, Kappa indices are still considered important measures for the
accuracy assessment of maps (Congalton and Green 2009), and are commonly provided as a
measure of classification accuracy. Pontius (2000) derived a number of variations of Kappa in
an attempt to overcome the flaws of the standard Kappa, but finally replaced the indices com-
pletely with a more useful and simpler approach that focused on the two components of disa-
greement between maps, the quantity and spatial distribution of the categories (Pontius and
Millones 2011). Van Vliet et al. (2011) introduced Ksimulation which is similar to the kappa statis-
tic but uses an adjusted stochastic model of random allocation of class transitions relative to
the initial map.

3.1 Kappa Statistics

The Kappa statistic is computed from a confusion matrix derived from a cell-by-cell compari-
son of the observed map and the predicted map (Hagen-Zanker and Martens 2008). It can be
measured from a sample, or from all pixels in the two maps. Kappa, based on the percentage
of agreement, is corrected for the fraction of agreement that can be expected by pure chance.
The Kappa statistic is calculated as:

Kappa
p p

p
o c

c

= −( )
−( )1

(1)

where po is the observed proportion of the sample or pixels correct, and pc is the expected pro-
portion correct due to chance (Foody 2004).

The kappa coefficient values can generally be interpreted in the following way: if classifi-
cation is perfect, then Kappa = 1; if the observed proportion correct is greater than the
expected proportion correct due to chance, then Kappa > 0; if the observed proportion correct
is equal to the expected proportion correct due to chance, then Kappa = 0; and if the observed
proportion correct is less than the expected proportion correct due to chance, then Kappa < 0
(Landis and Koch 1977; Aickin 1990; Pontius 2000). To distinguish between the quantifica-
tion disagreement and location disagreement between two maps Klocation (Pontius 2000) and
Khistogram (Hagen 2002) were introduced. ‘Klocation’ compares the actual success space to
the expected success rate relative to the maximum success space given that the total number of
cells of each category does not change (Pontius 2000). It is expressed as:

K
p p

p p
location

o c

c

= −( )
−( )max

(2)
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where Po is the observed proportion correct, pc is the expected proportion correct due to
chance and pmax is the total number of cells taken in by each class. Khistogram indicates simi-
larity of the quantitative model results in the maximal similarity that can be found based upon
the total number of cells taken in by each class (pmax) (Hagen 2002). pmax can be put in the
context of Kappa and Klocation by scaling it to pc. Khisto can be calculated directly from the
histograms of two maps (Hagen 2002) and is expressed as:

K
p p

p
histo

c

c
= −( )

−( )
max

1 (3)

These statistics are sensitive to the respective differences in location and in the histogram shape
for all land use classes (Visser and de Nijs 2006). Kappa, Klocation and Khisto are connected
through the multiplicative relation: Kappa = Klocation * Khisto (Visser and de Nijs 2006).

3.2 Quantity Disagreement and Allocation Disagreement

Pontius and Millones (2011) developed a simpler and more useful approach to report disagree-
ment between the observed map and predicted map. They sub-divided the cell-to-cell total
disagreement between the two maps in quantity of disagreement and allocation disagreement.
Quantity disagreement is the amount of difference between the reference map and a compari-
son map due to a less than perfect match in the proportions of the categories. Allocation disa-
greement is due to the imperfect match in the spatial allocation of the categories given the
proportions of the categories in the reference and the comparison maps. The total disagree-
ment of a comparison map is the summation of the allocation disagreement and the quantity
disagreement (Pontius and Millones 2011). Details about the cross-tabulation matrix and
equations to calculate quantity and allocation disagreement are well documented in Pontius
and Millones (2011).

3.3 KSimulation

Van Vliet et al. (2011) developed KSimulation which uses adjusted information from the original
land use map to test the agreement between the simulated land use map and the actual land
use map. In this method, Van Vliet et al. (2011) integrated conditional probabilities of
expected agreement (which assumes that the probability of finding a certain class at a particu-
lar location is dependent on the class that originally occupied that location) with the original
Kappa statistic. KSimulation and its variations can be expressed as:

K
p p

p
Simulation

o e Transition

e Transition

= −
−

( )

( )1 (4)

K
p p

p
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Max Transition e Transition

e Transition

= −
−

( ) ( )

(1 ))
(5)

K
p p

p p
Transloc

e Transition

Max Transition e Transition

= −
−
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0 (6)

where Pe(Transition) is the expected fraction of agreement, given the sizes of the class transitions
and PMax(Transition) is the maximum accuracy that can be achieved given the sizes of the class
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transitions (Van Vliet et al. 2011). The result of KSimulation and KTransloc range from -1 to 1, where
1 indicates perfect agreement between simulated and actual land use class, 0 represents chance
agreement due to random distribution and below 0 indicates less accurate than chance agree-
ment due to random distribution. The value of KTransition varies from 0 to 1, where 0 indicates
no class transition and 1 indicates perfect agreement between size of class transition in simula-
tion and reality.

4 The SLEUTH Model

SLEUTH is a CA model for the computational simulation of urban growth and land use
changes that are caused by urbanization. The model has been applied to different cities and in
most regions of the world (Clarke et al. 1997, 2007; Clarke and Gaydos 1998; Clarke 2008;
Chaudhuri and Clarke 2013). SLEUTH is an acronym for the gridded map input data layers
required by the model: Slope, Land-use, Exclusion, Urban extent over time, Transportation,
and Hill-shade, and simulates land use dynamics as a physical process (Gazulis and Clarke
2006).

SLEUTH is a tightly coupled model involving two CAs, the Deltatron Land Cover Model
and the Urban Growth Model. The two cellular automata run in sequence and the output of
the newly urbanized cells determines the number of times the deltatron code will be executed.
Thus, when urban growth is stagnant, land change pressure is reduced and alternatively when
other land use classes are being consumed by rapid urban growth, more inter-class transitions
are created (Clarke 2008). The urban areas inside this CA model behave as a living organism
trained by a finite set of transition rules that influence the state changes within the two CAs
within a set of nested loops. During model calibration, the outer control loop executes Monte
Carlo iterations on historical maps and searches for the parameters that best replicate the tran-
sitions between the first year of input data (the seed layer) and the last (usually the present
day), retaining cumulative statistical data. The second or the inner loop executes the growth
rules to replicate the growth and transitions between the individual input periods (Clarke and
Gaydos 1998; Sietchiping 2004; Gazulis and Clarke 2006; Dietzel and Clarke 2007).

To model the physical differences that exist in a study area, SLEUTH calibrates the his-
torical data input to derive a set of five control parameter coefficients (dispersion coefficient,
breed coefficient, spread coefficient, road gravity, and slope resistance factor) which control the
behavior of the system and encapsulate the past urbanization trends of that region (Clarke
et al. 1997; Gazulis and Clarke 2006). The impact of these coefficient values determine the
degree to which each of the four growth rules influences urban growth in the system (Clarke
et al. 1997; Gazulis and Clarke 2006).

The most commonly used calibration process is known as brute force calibration, and
during this mode of the modeling, a set of control parameters are refined by three sequential
calibration phases: coarse, fine and final calibrations (Silva and Clarke 2002; Dietzel and
Clarke 2007). The Optimal SLEUTH Metric (OSM) (Dietzel and Clarke 2007) is used to
derive the best fit (degree of similarity between simulated images and control years) and to
provide the most robust results for SLEUTH calibration (Clarke 2008). The optimal set of
parameters based on the OSM produces an output map that most closely resembles the
control data (Dietzel and Clarke 2007; Clarke 2008) and is used in the next step of calibra-
tion. The combination of parameters with the highest OSM value in the final calibration
phase is then used for prediction, after adjustment to reflect their values at the end of the cali-
bration period rather than the start. Finally, the accuracy of the predicted maps is measured
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outside the model using different map comparison techniques and an observed map of the
predicted year (if available).

The model simulation is made up of a series of growth cycles and four types of growth
can take place in the model: Spontaneous, Diffusive, Organic, and Road influenced growth of
the non-urbanized cells (Clarke and Gaydos 1998). Apart from the initial growth rules there is
a second level of rules, which controls the behavior of the macro-system called the ‘self-
modification’ rules. These rules respond to the aggregate growth rate, they start to increase or
decrease the growth control parameters in each of the following growth cycles (Sietchiping
2004). Self-modification is important to avoid linear or exponential growth of the area in the
model (Silva and Clarke 2002).

5 Data

This study used the data produced by Chaudhuri and Clarke (2012) for the application of
SLEUTH in Gorizia and Nova Gorica in Italy and Slovenia, respectively. SLEUTH uses topo-
graphic data in the form of slope and hill-shade (for visualization) maps derived from digital
elevation models; two land use layers (1985, 2004) for forecasting land use in the deltatron
land use model part; at least four urban layers (classified from Landsat 5 TM 1985, 1991,
Landsat 7 ETM+ 1999 and Aster 2004), for statistical calibration of the model; and two or
more weighted road maps (1969, 1998) from different time periods (Chaudhuri and Clarke
2012). For the urban layer, the built-up areas (red-roofed houses and concrete buildings) and
the residential areas were considered as urban and the remainder of the area was classified as
non-urban. The road layers were created from 1969 and 1998 topographic maps and were
weighted according to their functional classification by level of road. The observed maps of
2005, 2006, 2007, 2009, and 2010 were derived from the classified Landsat 5 TM images for
2005, 2006, 2007, 2009, and 2010 respectively and were used for the validation of the pre-
dicted images. A supervised maximum-likelihood classification was performed on the images
for land use classification. The objective of supervised classification is to categorize every
image pixel into one of several pre-defined land type classes (Jensen et al. 2009).

Two of the input layers have been subjected to extensive accuracy analysis. Beekhuizen
and Clarke (2010) worked on the Landsat 5 TM 1991 and ASTER 2004 images of Gorizia
with the goal of improving the classification system. With the help of Google Earth they visu-
ally interpreted independently derived high-resolution satellite imagery to collect reference
data. Google Earth provided access to a good coverage of QuickBird imagery between 2003
and 2007, with a resolution of 0.61 m by 0.61 m. Beekhuizen and Clarke (2010) omitted the
sample sites where it was hard to judge land use with Quickbird imagery in order to avoid
false reference data. Furthermore, reference data pixels were compared with pixels at the
same location in the ASTER satellite imagery to avoid possible misregistration in Google Earth
or change in land use between Quickbird and ASTER imagery. In the case where the labeled
class of a reference pixel was uncertain, the pixel was removed from the reference data set.
However, they gave preference to a bias in the selection of reference data when this effectively
decreased the chance of using false reference data. The sampling units consisted of all intersec-
tion points in a 500 x 500 m UTM grid, created and overlaid in Google Earth. A second 500 x
500 m grid, with an offset of 250 m from the first grid, was used to collect additional reference
data for the classes water and artificial in order to provide sufficient sample sites for both ref-
erence datasets (Beekhuizen and Clarke 2010). The same method was implemented to collect
ground truth points for the remainder of the images and kappa coefficients were calculated for
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each of them. Classification accuracy of the input images (1985–2004) varied from 0.74 to
0.80 and the images used for validation (2005–2010) varied from 0.79 to 0.87.

6 SLEUTH Application in Gorizia-Nova Gorica

SLEUTH was applied in Gorizia-Nova Gorica (Figure 1) by Chaudhuri and Clarke (2012) to
study the effect of differential policies and political history on urbanization. Gorizia is a small
town on the Isonzo River at the foothills of the Italian Alps, astride Italy’s northeastern border
with Slovenia. It was originally a single city, which over the last century has been occupied by
multiple neighboring countries such as Italy, Germany, and Yugoslavia at different time
periods. Under each of the regimes, the city was destroyed during warfare, re-built, and finally
partitioned into Gorizia (Italy) and Nova Gorica (Slovenia). The international border, on the
other hand, has changed from a highly restricted border during the Cold War period to a mere
symbolic landmark in 2004 after the inclusion of Slovenia in the European Union (Chaudhuri
and Clarke 2012).

To understand whether the trend of urbanization has changed from independent urban
growth of each of the cities during the restricted border situation to agglomerated urban

Figure 1 Gorizia, Italy and Nova Gorica, Slovenia
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growth after territorial cohesion, the urban growth was simulated under three scenarios. In the
SLEUTH model, the exclusion layer was used to define areas where urban growth cannot take
place (e.g. on water bodies, or within protected areas). For the first scenario the whole of
Gorizia-Nova Gorica was used for simulation and only the water bodies were excluded from
future urban growth. For the second and the third scenarios, the city region of Nova Gorica
and Gorizia were excluded, respectively, along with water bodies. Thus in the first scenario,
both the cities were simulated and forecasted jointly as if they were a single city with uniform
characteristics, which represents the situation after the territorial cohesion of the region. The
other two scenarios considered and simulated each of the cities independently. These two sce-
narios represent the situation before the territorial cohesion with a highly restricted interna-
tional border. The intent of such scenario forecasting was to find out which scenario result was
more accurate when compared with the observed map for any given time period, and thus to
help understand the trend of urbanization in the region (Chaudhuri and Clarke 2012). Finally,
an accuracy assessment of the forecasted maps from each of the scenarios showed relatively
higher accuracy for the latter two scenarios, in which each of the cities were simulated inde-
pendently. This fact led the study to conclude that even after the territorial cohesion both
Gorizia and Nova Gorica were growing independently (Chaudhuri and Clarke 2012). To test
the second hypothesis, the results from all the scenarios were tested but only results from Sce-
nario 1 are reported in this article. The results from all the scenarios showed a similar trend in
temporal uncertainty with only slight variation in the absolute values of accuracy.

7 Methodology

The input data were calibrated using data up to 2004 and predicted from 2005 to 2040.
Further details about calibration and prediction are explained in Chaudhuri and Clarke
(2012). After rigorous calibration of the SLEUTH model, the best-fit parameter values were
used to run predictions from 2004 to 2040 (Chaudhuri and Clarke 2012). A pair-wise map
comparison was conducted between observed maps of 1985 and 2005, the observed map of
1985 and the predicted map of 2005 and finally observed change and predicted change of
2005 to compare the actual land transition versus predicted land transition (Chen and Pontius
2010; Pontius et al. 2011).

To test the first hypothesis, the prediction was run with the same set of parameters as the
first scenario for three additional prediction ranges: 1970–2040, 1985–2040, and 2000–2040.
The predicted maps of 2010 from all the prediction ranges were then validated using the
observed map of 2010 and compared against each other. Note that the 2010 map was for
accuracy assessment only, and was not part of the model calibration. At present, SLEUTH uses
the last input urban layer as the start date for a prediction run. The urban and road images
used to initialize growth during prediction are those with dates equal to, or greater than, the
prediction start date. If the prediction start date is greater than any of the urban dates, the last
urban file on the list is used. Similarly, if the prediction start date is greater than any of the
road dates, the last road file on the list is used. The prediction run terminated at the prediction
stop date (http://www.ncgia.ucsb.edu/projects/gig/About/data_files/scenario_file.htm). For the
second objective, the calibration was run from 1985 to 2004 and the model was used to
predict from 2005 to 2040. The accuracy of the predicted maps (reclassified into urban/ non-
urban) of 2005, 2006, 2007, 2009 and 2010 (most recent available data) were validated
against the observed map of those years.

Validation was performed independently, using the Kappa coefficient (and its variations)
and Kappa Simulation (and its variations) in the Map Comparison Kit (MCK), (RIKS and
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MNP – RIVM, 2004) (Visser and Nijs 2006). Further map comparison in terms of quantity dis-
agreement and allocation disagreement (Pontius and Millones 2011) was performed between the
classified urban map from the Landsat imagery and the predicted urban map from the model.

8 Results

Before analyzing the results of the three map comparison techniques, a pair-wise map compari-
son (Chen and Pontius 2010) was performed using the observed map of 1985 (initial map),
observed map of each year from 2005 to 2010 and the predicted map of each year from 2005
to 2010. The comparisons between the three pairs of maps help to reveal the inaccuracies
caused by land persistence versus land change (Pontius et al. 2011).

For clarifying the concept, maps from 2005 were used as an example as explained below.
The first pair of comparison maps, the observed urban maps of 1985 and 2005 (Figure 2),
showed the observed change of the land categories. The second pair of comparison maps, the
observed urban map of 1985 and predicted urban map of 2005, showed the predicted change
of the land categories, based on 1985. Finally the third pair of comparison maps, the observed
urban map of 2005 and predicted urban map of 2005, shows the level of consistency between
the two maps. Figure 2 shows the observed change in urban area from 1985 to 2005 where
19.96% of the non-urban land has changed into urban by 2005.

Figure 2 Spatial distribution of change in urban areas based on observed maps of 1985 and 2005

10 G Chaudhuri and K C Clarke

© 2013 John Wiley & Sons Ltd Transactions in GIS, 2013, ••(••)



According to Chen and Pontius (2010), changes between the observed and the predicted
maps of the urban areas can be classified into four types: (1) correct due to observed persist-
ence predicted as persistence (null success); (2) error due to observed persistence predicted as
change (false alarm); (3) correct due to observed change predicted as change (hits); and (4)
error due to observed change predicted as persistence (misses). Figure 3 shows the spatial dis-
tribution of the four types of prediction correctness and error. The pixels which are catego-
rized under hits and misses are the observed change of non-urbanized pixels to urban pixels in
2005 and the pixels which are categorized under false alarm and hits are the predicted change
of non-urbanized pixels to urban pixels by the model. Null success accounts for 79.20% of the
landscape in the study area. As mentioned above, the observed change for the area was
19.96%, whereas the predicted change was 19.03%. So the model under-predicts the increase
in urban areas, but by less than 1%.

Figure 4 is a graphical representation of the three-map comparison (Chen and Pontius
2010) for years 2005 to 2010 to show the overall prediction correctness and error in the land-
scape. For each of the years, the 1985 urban map was considered as the initial map. The figure
shows that over the years, as the region is experiencing change, the null success of the model
decreases and the proportion of hits, misses and false alarms increases. The hits (correct due
to observed change predicted as change) and misses (error due to observed change predicted
as persistence) when combined together represent the observed change in the landscape. A

Figure 3 Spatial distribution of prediction correctness and error based on three map comparison
(observed map of 1985 and 2005, and predicted map of 2005)
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combination of the hits (correct due to observed change predicted as change) and false alarms
(error due to observed persistence predicted as change) represents the predicted change in the
landscape. For all the years (2005–2010), the proportions of hits are greater than the com-
bined false alarms and misses. The comparison between the predicted change and the observed
change in the maps also shows that the model under-predicts urban growth by approximately
1% (in 2005) – and approximately 3% (in 2010). The associated table for the figure is pro-
vided in the appendix. This microanalysis of the pairwise map comparison for all the maps is
helpful to understand the reliability of the accuracy values for 2005 and the future years that
are discussed below.

8.1 Impact of Prediction Date Range on the Accuracy of the Predicted Maps

The result of the test, as conducted to test the first hypothesis, shows that by changing the pre-
diction start date, the accuracy of the 2010 predicted map decreases (Figure 5). Accuracy
analysis of the 2010 predicted map from the different prediction ranges was performed using
the KSimulation method, where the 1985 urban map was used as the initial map. For the 1970–
2040 prediction range, the values of KTransLoc (0.66) and KTransition (0.64) suggest that the model
did not capture the type of land use change and the allocation of the changed pixels very well.
For the other prediction ranges, the higher KTransition values and lower KTransLoc values suggest
that the model simulates the type of land use change better than the location of the change.
With approximately 10% error in the observed map, the predicted map of 2010 using the pre-
diction range of 2004–2040 better explained the land use change than the 2010 map using the
prediction range of 1970–2040. This suggests that the prediction start date does have a sub-
stantial impact on the accuracy of the predicted maps. As hypothesized, if the start date of pre-
diction is further back in the past from the last input map date, the accuracy of the maps
predicted for the future will be less.

Figure 4 Overall prediction correctness and error in the landscape (Data tables are provided in
Appendix)
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A comparative analysis of the 2010 predicted map across all prediction date ranges
(Figure 6) showed that those starting in 1970, 1985 and 2000 overestimate the percentage of
urban pixels in their respective 2010 images, whereas the 2004 prediction start date underesti-
mates the percentage of urban pixels.

At present, each model run is completed using Monte Carlo methods, with each simu-
lation being run from about five to 100 times (http://www.ncgia.ucsb.edu/projects/gig/About/
data_files/scenario_file.htm). For calibration, measurements of simulated data are taken for
years of known data, and are averaged over the total number of Monte Carlo iterations.
The averaged values were compared with the known data, and multiple coefficient measures

Figure 5 Trend of accuracy of the 2010 predicted maps when the prediction start dates are altered

Figure 6 Overestimation/underestimation of the percentage of urban pixels
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are calculated, the product of which gives the Optimum SLEUTH Metric or OSM (see
appendix for OSM equation) (Dietzel and Clarke 2007). The set of coefficient values having
the highest OSM from the final calibration are considered as the ‘best-fit values’ and are
used to initiate each simulation in a prediction run along with the SLEUTH images and a
random seed value. After a simulation is complete, the initializing seed that began that simu-
lation is reset and a new simulation is run (http://www.ncgia.ucsb.edu/projects/gig/About/
bkStrPrediction.html). Thus, for Gorizia, in the first three cases, when the prediction start
dates are in the distant past, with the average period of growth at 20 years, the model over-
estimated urbanization for 2010, whereas when the prediction is from the last time point of
input data the model underestimated urbanization in 2010. This shows that in reality the
region experienced major fluctuations in the rate of urbanization and at present the growth
rate is higher than the average.

8.2 Trend of Accuracy of the Predicted Maps from the Immediate Future to the
Distant Future

In the second test, the predicted urban maps from 2005 to 2010 were compared with the
actual land use maps of those years, to show the trend of accuracy over time. The accuracies
were calculated using all three methods of map comparison as discussed previously.

8.2.1 Kappa coefficient results

The result of measuring the Kappa coefficient (and its variants) for the years from 2005 to
2009 (Figure 7) varies from 0.81 to 0.85, which indicates a high level of prediction accuracy,
but for 2010 the overall Kappa decreases to 0.78, although the khisto and klocation remains
in the high accuracy class range. As expected, 2005 has the highest level of agreement whereas
2010 has the least. Interestingly, for Kappa and Kloc there is a decreasing trend in accuracy
but Khisto, after an immediate decrease in 2006, remains similar until 2010 with only minor
deviation.

Figure 7 Kappa indices for SLEUTH predicted urban maps of Gorizia-Nova Gorica from over time
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8.2.2 Quantity disagreement and allocation disagreement results

The amounts of quantity and allocation disagreement (Figure 8) show that, the total disagree-
ment between the observed images and the predicted images increases with time. In general,
the proportion of quantity disagreement is equal to or greater than quantity disagreement.
With errors ranging from 10 to 12% for the observed maps, the results (difference between
observed urban area and predicted urban area) show that the model underestimates the
amount of urban area for all the forecast years. The underestimation ranges from 2.64% in
2005 to 8.95% in 2010.

8.2.3 Kappa simulation results

Table 1 shows the results of the KSimulation from 2005 to 2010. For 2005, high KSimulation values
and its variants suggest that the model was able to explain most of the urban change correctly.
Over the years, the KSimulation value decreased from 0.91 in 2005 to 0.71 in 2010. The trend of
the relationship between KTransition and KTransLoc remains almost identical, i.e. KTransLoc decreases
from 2005 to 2010 whereas the KTransition remains high and almost constant over the span of
five years. This suggests that the model simulates the type and amount of land use change cor-
rectly but the changed pixels are not correctly located.

Figure 8 Quantity and allocation disagreement between observed map and SLEUTH predicted
urban maps of Gorizia-Nova Gorica over time

Table 1 KSimulation, KTranLoc and KTransition for the urban maps of Gorizia-Nova Gorica

Scenario 1 2005 2006 2007 2009 2010

KSimulation 0.91 0.82 0.78 0.75 0.71
KTransLoc 0.94 0.91 0.88 0.81 0.78
KTransition 0.97 0.89 0.89 0.94 0.90
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9 Discussion and Conclusions

This study addressed three issues in validation of predicted maps from the SLEUTH simulation
model. First, evaluating the effect of different prediction date ranges (1970–2040, 1985–2040,
2000–2040 and 2004–2040) showed that using the last urban or road data point as the start
date for prediction (2004–2040) produces maximum accuracy in the predicted maps. This has
been the usual SLEUTH practice, yet the rationale behind the usage has not been tested before.
Secondly, testing the accuracy of Gorizia-Nova Gorica simulations for the years 2005, 2006,
2007, 2009 and 2010 showed that the accuracy of the predicted maps decreased as the model
predicts further into the future from the start date of the prediction. Clearly, the most accurate
prediction runs only a few years into the future, starting at the present, or at least the time
with the most recent data. Lastly, by the application of three types of map comparison tech-
niques (Kappa coefficient and its variants, quantity-allocation disagreement and Ksimulation and
its variants) the study was not only able to capture the overall trend of accuracy of the pre-
dicted maps, but also to review in detail the type of agreement/disagreement between the
observed map and the predicted map and the over/under-estimation of urban pixels for each of
the time periods in the predicted maps.

A possible explanation of the decrease in accuracy of the predicted maps for Gorizia-Nova
Gorica can be attributed to the trend of actual land use change in the region, which is caused
by changes in the socio-economic and political status of the individual cities. Gorizia-Nova
Gorica, with its dynamic political history and recent softening of the international border, is
experiencing rapid urbanization. Thus the historical data for Gorizia that belongs to the
period from the Cold War and before the softening of the international border followed a dif-
ferent behavior in its land transition than the present day. In regions where there is no or very
little urban growth, the accuracy of the predicted map may remain almost the same for near
future predictions. Comparison among the three pairs of maps (Figure 4) in the study showed
that as the model prediction years move further in the future the null success of the model
decreases due to the actual land use changes in the region. Moreover, SLEUTH is a mechanis-
tic model, which tries to capture the changes in a region through morphological changes of the
landscape. Thus one might argue that the lack of socio-economic-demographic data in the
modeling leads to the model’s inability to capture the real world processes successfully, which
in turn results in increased uncertainty of the predicted maps of distant future. So it can be
said that the trend of accuracy of the predicted maps in the future depends not only on the
model structure and performance but also on the actual amount of land use change on the
ground during the prediction period. Though the results in this study are specific to SLEUTH
application in Gorizia-Nova Gorica, which is going through a slow but steady socio-political
transformation, yet it surely shows the need for quantifying the accuracy of the other land-use
change model outputs for different time points in the future if the results are to be used for
long term decision-making. The study also shows that to increase confidence in the prediction
results, multiple measures of accuracy or map comparison techniques should be used to cross-
validate results for multiple predicted years.

The above analysis revealed that the overall Kappa coefficient and Ksimulation values decrease
as we go further into the distant future. Comparison of the observed and predicted maps does
not reveal any trend with the total amount of disagreement between the maps over the years,
but it does show higher agreement in 2005 compared with the remainder of the years. If the
trend of decreasing accuracy is extrapolated further into the future, the results suggest that the
predicted maps 10 years from the prediction start date will be still within the acceptable levels
of accuracy. Beyond 10 years, the future prediction becomes increasingly more uncertain.
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Appendix

Table 1 and Figure 4

2005 2006 2007 2009 2010

Null success 79.20 75.35 73.72 71.76 69.11
False alarms 0.84 1.27 1.82 3.15 3.55
Hits 18.19 18.65 19.00 19.70 20.38
Misses 1.77 4.73 5.46 5.39 6.96
Observed Change (Hits + Misses) 19.95 23.38 24.46 25.09 27.34
Predicted Change (Hits + False Alarms) 19.03 19.92 20.82 22.85 23.93

1Optimum SLEUTH Metric (OSM) Calculation

OSM = compare ¥ population ¥ edges ¥ clusters ¥ slopes ¥ Xmean ¥ Ymean;
compare: modeled population for final year / actual population for final year, or if Pmodeled >
Pactual { 1 - (modeled population for final year / actual population for final year)}.
population: least squares regression score for modeled urbanization compared with actual
urbanization for the control years
edges: least squares regression score for modeled urban edge count compared with actual
urban edge count for the control years
clusters: least squares regression score for modeled urban clustering compared with known
urban clustering for the control years
slope: least squares regression of average slope for modeled urbanized cells compared with
average slope of known urban cells for the control years
Xmean: least squares regression of average x_values for modeled urbanized cells compared
with average x_values of known urban cells for the control years
Ymean: least squares regression of average y_values for modeled urbanized cells compared
with average y_values of known urban cells for the control years
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