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Abstract
& Introduction This article explores the possibility of
including multiple spatial scales into a mixed model for
predicting the density of human-caused fire ignitions in
Catalonia (North-East Spain).
& Methods The location of the ignitions of all human-
caused forest fires recorded in Catalonia during the
period 1994–2007, including 7,847 human-caused fires,
was considered as modeling data. Three spatial scales
were considered in the modeling. The first or small
spatial scale was defined by tiling 3,003 hexagonal plots
of 1,000 ha each. The two remaining spatial scales were
defined by the inclusion of the plots within municipality
and county (comarca) borders. Fire ignition density was
estimated at plot level using proxy variables as predictors
(elevation, presence of roads, density of pathways, and
dominant land-use patterns). The administrative borders of
municipality and county were used to allocate the spatial
variation of ignition density not explained by the plot-level
estimation.

& Conclusions The results of the study highlight that
human-caused ignitions present clear spatial aggregation
patterns at different spatial scales, and that an analysis at a
single spatial scale ignores explanatory factors affecting
other scales.

Keywords Fire ignitions .Mixed effects models . Spatial
aggregation . Risk mapping

1 Introduction

Analysis of the fire regime in Catalonia does not
suggest easy times ahead for the people in charge of
fire prevention and suppression. Although the area
affected by wildfires has not changed significantly
during the last 30 years, research reports that there has
been a significant increment in the number of large fires
(Gonzalez and Pukkala 2007). Many factors have been
mentioned as possible causes for this change in fire
regime, including changes in landscape configuration
and forest management (Badia et al. 2002; Velez
2002), climate change (Piñol et al. 1998), and the
increasing prevalence of human-related ignitions (Vazquez
and Moreno 1995). In highly populated regions such as
Catalonia, analysis of human-caused fires is especially
relevant since natural-caused fires account for less than
20% of the total number of forest fire outbreaks
(DGMN 2005).

There is broad consensus on the need for a clear
understanding of the factors affecting the occurrence of
fire ignitions and spread of forest fires in order to develop
more effective fire suppression and extinction policies
(Badia-Perpinya and Pallares-Barbera 2006). Analysis of
historical records of fire ignitions can contribute to an
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understanding of which local-landscape features facilitate
the ignition and spread of forest fires. In addition, models
developed to predict the location of areas where ignitions
are more likely to occur have a crucial role to play in
optimizing fire prevention strategies.

However, the study of the human component as a
cause of fires carries an implicit difficulty in itself
(Martinez et al. 2004). Human behavior is dynamic and
varies for each individual, and regional- or national-scale
information on specific human activities is seldom
available. For this reason, most of the studies dealing
with the effect of human activities on the probability of
occurrence or frequency of fire ignitions in a certain area
rely mainly on cartographic data of human infrastructures
(e.g., roads, houses, electricity lines, railroads, campsites)
or general socioeconomic indicators characterizing the
area (e.g., population density, presence of farmland, rent
distribution, unemployment levels).

Different approaches have been considered to solve the
difficulties of modeling human-caused fire ignitions with a
spatially explicit approach. Some studies have attempted to
predict the probability of fire occurrence using logistic
models (Martell et al. 1987; Chou et al. 1993; Vega Garcia
et al. 1995; Cardille et al. 2001; Vasconcelos et al. 2001;
Pew and Larsen 2001; Martinez et al. 2004; Catry et al.
2009; Martinez et al. 2008), artificial neural networks
(Vasconcellos et al. 2001; Vega Garcia et al. 1999), or
weights of evidence (Romero-Calcerrada et al. 2008), while
others have focused on modeling the frequency or density
of fires in a determined area using generalized linear
regression (Cardille et al. 2001), Poisson regression
(Wotton et al. 2003), fuzzy logic (Loboda and Czizar
2007), multiple linear regression (Syphard et al. 2007), or
log-linear regression (Yang et al. 2007).

In general, most of these studies have been per-
formed using a single spatial scale (Cardille et al.
2001). In some cases, a fine-scale spatial analysis is used
to assess the influence of local factors on fire occurrence
or frequency. Fine-scale studies can be based on the
location of a regular grid of cells with information on
ignition events within their boundaries (Cardille et al.
2001; Pew and Larsen 2001; Yang et al. 2007), based
solely on the specific location of the ignitions (Romero-
Calcerrada et al. 2008), or on the location of ignitions
versus the location of a random number of points
considered as non-ignition representatives (Martell et al.
1987; Vega Garcia et al. 1995; Vasconcelos et al. 2001;
Catry et al. 2009). In other cases, a broad scale has been
used to analyze the effect of aggregated factors on the
frequency or occurrence of fires. Broad-scale studies have
been implemented at municipality level (De la Riva et al.
2004; Martinez et al. 2008), county level (Prestemon et al.
2002; Badia-Perpinya and Pallares-Barbera 2006; Syphard

et al. 2007), or ecological region level (Chou et al. 1993;
Wotton et al. 2003).

Human-caused fire ignitions do however tend to be
spatially aggregated at different levels simultaneously.
Aggregation is rarely distributed uniformly across the
territory (Prestemon and Butry 2005; Genton et al. 2006),
and the use of a single spatial scale does not fully address
relevant local variation (Martinez et al. 2004). In addition,
there may be confounding effects of variables working in
different ways at different levels, which complicates the
analysis. The use of different spatial scales could usefully
address the effect of overall features of the territory (fine
scale) while at the same time capturing spatial variations
within the territory (broad scale). One way to address this
data structure is to use multilevel models such as the
mixed linear model. The mixed model can analyze data
aggregated hierarchically, as it estimates variability due to
the different levels of aggregation. By this means, it helps
to understand how ignition distribution is shaped by
effects such as localized land use configurations at a
localized scale as well as the effects of socioeconomic
variables at a broader scale, and subsequently estimate the
weights of these levels to avoid possible confounding
effects. Furthermore, using estimates at every hierarchical
level incorporates the spatial variability of the studied
factors at the levels considered, which can for example be
used to identify municipalities and regions with specific
characteristics that result in a higher exposure to forest
ignitions. An example of this approach can be found in
Diaz-Avalos et al. (2001), who successfully applied a
generalized linear mixed model to study the probability of
lightning-caused ignitions using different spatial and
temporal scales.

The aim of the present study was to develop a multiscale
analysis-based model to map the density of human-caused
fire ignitions in the Catalonia region. The model is designed
to provide information on the impact of local variables on
ignition density, as well as to describe the spatial variation
observed across the territory, highlighting those areas that
may require special attention.

2 Material and methods

2.1 Data sources

The study area encloses the whole region of Catalonia
(North-East Spain), which covers an area of over
32,000 km2 and has a population of around 7.5 million
inhabitants.

The data used in the model consisted of geographically
referenced records of forest fire ignitions, orographic data,
land-cover maps, and human-made infrastructures. Maps of
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the administrative divisions were used to define different
levels of spatial aggregation.

The fire ignition-related data consists of the ignition
location of human-caused fires recorded in Catalonia
during the period 1994–2007. The dataset covered a total
of 10,320 fires larger than 0.01 ha, of which 7,847 were
human-caused. Orography data were obtained from a
digital terrain model of Catalonia (resolution 150 m).
Data on human infrastructures were obtained from the
Catalonian topographic database (scale 1:50,000), while
land-cover information was derived from the Spanish
forest map at scale 1:50,000 (MFE50; BDN 2001).

In order to analyze the effects of different levels of
spatial aggregation on ignition density, administrative
boundaries were used as aggregation units. Two different
levels of aggregation were used: municipal level and
comarca (county) level. Catalonia consists of 41 comarcas,
or counties, with an average area of 783.07 km2 (ranging
from 144 to 1,783 km2), which are further divided into
approximately 900 municipalities with an average area of
30.81 km2 (ranging from 0.5 to 255 km2).

The effects of different factors on ignitions density were
analyzed in the following steps. First, a hexagonal tiling
formed by 3,003 hexagonal 1,000-ha plots was generated

Variable Unit Mean Minimum Maximum Standard deviation

Plot-level variables

Elevation Meters (a.s.l.) 802 0 2,800 589

Density of pathways km/km2 4.772 0 19.4 2.114

Paved road presence – 0.712 0 1 0.453

Urban – 0.003 0 1 0.057

Agriculture–forest interface – 0.359 0 1 0.480

Urban–rural interface – 0.050 0 1 0.217

Ignition density (human) Ignitions/km2 0.235 0 7.90 0.423

Table 1 Summary of the plot-
level variables included in the
models

Fig. 1 Representation of study
plots and selection variables
studied. Black triangles repre-
sent historic fire ignitions, thick
gray lines represent paved
roads, and narrow black lines
represent smaller pathways
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within the borders of the study region (Fig. 1). Each plot
was used as a study unit, and ignitions density (ignitions
per square kilometer) was calculated for each plot and
used as the predicted variable in subsequent modeling.
The criteria used to define the size of the hexagons were
based on the observed average distance between ignitions
in our study dataset (2,500.6 m during 1994–2007 for
human-caused ignitions), this magnitude being larger than
the distance of the hexagon apothem and smaller than the
distance between the centers of adjacent hexagons. The
use of hexagons was justified by the need to avoid
overlapping areas that may lead to ignition double-
counts while at the same time optimizing the isotropic
nature of the sampling method. Values of potential
predictors were estimated for each plot. Potential pre-
dictors were selected based on two different criteria.
They had to be variables known to affect ignitions
regime, while at the same time being representative of
the plot area. Based on these approaches, variables such
as pathway density, mean elevation, and presence or
absence of paved roads belonging to the national road
network inside the plot were considered as predictors
(Table 1).

Second, the plots were classified depending on their
share of different land-use patterns. A threshold of more
than 80% of the plot surface was considered as a
criterion to classify the plot as either forest, urban, or
agricultural land. Plots sharing more than 20% of two
different land-uses, one of which was urban land, were
classified as urban–rural interface. Plots sharing forest
and agricultural land-uses (more than 20% of forest and
more than 20% of agricultural land but less than 20% of
urban land) were defined as agriculture–forest interface.

Third, the plot-level variables were calculated, and the
plots were grouped following two levels of aggregation:
municipal level and county level (Fig. 2).

2.2 Ignition model

A model was developed to predict the density of fire
ignitions per kilometer. In general, we assumed that the
density of fire ignitions in a given plot correlates to a
set of proxy variables that determine the conditions of
the area. The predictors used in the model had to be
significant at the 0.05 level, non-linearly correlated, and
with residuals that indicate a non-biased model. How-
ever, a regression model assumes that the responses of
every single plot are independent. Although this as-
sumption can hold in some cases, the spatial nature of
the data suggest that neighboring plots may be influ-
enced by the same factors at different levels (for
instance, socioeconomic factors that determine similar

conditions in an area, macroclimatic factors that deter-
mine vegetation covers, etc.). Following the current
administrative division system, plots can belong to the
same municipality, and municipalities can belong to the
same county. Given the hierarchical structure of the data
and the grouping of study plots by municipalities and
counties, we elected to use a mixed linear model
approach including fixed and random components. This
option enabled us to address the potential problem of
autocorrelation in the data due to geographical proxim-
ity between plots, as well as separating effects that act
at different spatial scales. The model was fitted using
the restricted maximum likelihood (REML) procedure in
R to avoid potential problems of biased estimators with

a

b

c

Fig. 2 Multilevel data structure for the modeling approach. Ignitions
were aggregated by hexagonal plots (a). The plots were then
aggregated following municipal (b) or county (c) boundaries
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unbalanced data (Pinheiro and Bates 2000). The selected fire
probability model was as follows:

Igncmp ¼ b0 þ b1DensRoadcmp þ b2Elecmp

þ b3BigRoadcmp þ b4Urbancmp

þ b5AgricForestcmp þ b6UrbanRuralcmp

þ uc þ um þ ecp ð1Þ

where Ign is the density of fire ignitions in plot p of
municipality m and county c; DensPath is the density of
paths and small roads (not in the national transport
network), in kilometer per square kilometer; Ele is the
log transformation of the elevation (Ele=ln, elevation in
meters); BigRoad is a dummy variable indicating the
presence or absence of roads in the plot area (paved roads
in the national transport network); Urban is a dummy
variable indicating the dominance of urban land within the
plot; and AgricForest and UrbanRural are dummy variables
indicating the dominance of either agriculture–forest or
urban–rural interface within the plot. Subscripts c, m, and p
refer to county, municipality, and plot, respectively. Finally,
um, uc, and ecp are the between-municipality, between-
county, and between-plot random factors—independent
and identically distributed—for ignitions within plot p,
county c, and municipality m and with N(0,σ2c), N(0,σ

2
m),

and N(0,σ2cp), respectively. These random factors repre-

sent surrogates of alternative unobserved variables having
effects at different spatial levels. The overall effect of
these random effects is considered through an estima-
tion of the variance, and its specific effect in every
municipality and county division is calculated in the analysis.

Fixed model Mixed model 
R² = 0.206
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Fig. 3 Measured versus pre-
dicted values of human-caused
ignition density (ignitions per
square kilometer) for the fixed
part of the model (a), for the
mixed model including both
county and municipality effect
(b), and the mixed model in-
cluding the effect of the each of
the random effects separately
(county c; municipality d)

Table 2 Estimates of the model parameters, statistical significance
and standard errors

Eq. 1 (models for ignition density)

Parameter Estimate p-Value Standard
error

Intercept 0.225 0.031 0.1047

DensRoad 0.036 0.000 0.0053

Ele −0.138 0.019 0.0149

BigRoad 0.064 0.007 0.0150

Urban −0.438 0.001 0.1354

AgricForest 0.085 0.000 0.0143

UrbanRural 0.139 0.000 0.0371

Variances of

County factor (uc) 0.166 0.000

Municipality factor (um) (um) 0.272 0.000

Plot factor (ecp) 0.281 0.000

The mixed model (Eq. 1) includes parameters and estimates of
between-county (σ2 c) and between-plot (σ2 p) variance
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The mixed model was evaluated by examining the magni-
tude and distribution of residuals and plotting the observed and
predicted fire frequencies with the aim of detecting patterns
flagging systematic discrepancies. In addition, the residuals of
the fixed and randompart of themodel were geo-referenced and
examined both visually and using Moran's index (Mitchell
2005) in order to detect possible geographical patterns.

3 Results

The coefficient of determination (R2) for the ignition model
was 0.206 for the fixed part of the model (Fig. 3a). When
between-county and between-municipality random factors
were included, R2 increased to 0.659, showing a stronger
correlation between observed and predicted values
(Fig. 3b). According to the fixed part of the model (Table 2),
the denser the road network gets, the higher number of
ignitions can be expected in the plot. Presence of large
roads further increased the number of predicted fire
ignitions. As plot elevation increases, ignition density
decreases. Plots falling within urban areas were less
affected by fire ignitions, but if they fell into areas where
urban and rural land-use patterns coexist or which are
mosaics of agricultural and forest land, the number of
ignitions per area unit increased.

Plotting observed versus predicted ignitions showed how
the inclusion of the random effects associated with plot
location within municipality or county boundaries improved
the predictive capability of the models (Fig. 3b). Using only
the fixed part of the model (Fig. 3a) not only led to larger
error, but also the model showed a tendency to underestimate
the density of ignitions in plots with a large number of
observed ignition densities. However, this variation is partly
explained by between-county (Fig. 3c) and between-
municipality (Fig. 3d) random factors and their inclusion-
corrected part of this trend among the residuals.

Spatial analysis of the ignition densities showed a
positive spatial autocorrelation between the observed values
(Fig. 4a), with an estimated Moran's index of 0.44 and a Z
score of 41.48. Visual comparison of the observed (Fig. 4a)
and predicted ignition densities calculated with both the
fixed part of the model (Fig. 4b) and the complete mixed
model (Fig. 4c) revealed a clear improvement in the
predictions when the mixed model was used. This
improvement was also reflected in the magnitude and
spatial location of residuals (Fig. 4d, e), which were smaller
and randomly located when county and municipality factors

were included in the mixed model. The estimated Moran's
index for the residuals of the mixed model was 0.04, with a
Z score of 4.22. This result indicates that including the
random effects for each county (μc) and municipality (μm)
(Fig. 5a, b) in the mixed model drastically reduced the
spatial autocorrelation of the residuals.

Figure 5a, b gives estimated random effects for every
county (μc) and municipality (μm). The figure shows that
the model estimates the highest county effects near
Barcelona City (solid black in Fig. 5a) and the coastal
areas of Girona province (northeast Fig. 5a), whereas the
lowest county effects are in western and central Catalonia.
The southernmost corner of the region, hosting the River
Ebro delta, also has a low county effect. The municipality
effect estimated by the mixed model (Fig. 5b) does not
follow spatial trends as clearly as the county effect,
although the municipalities with highest incidence of
ignitions are often located within high-risk counties.

4 Discussion

This study analyzed the spatial structure of long-term
patterns of fire ignition in Catalonia during the period
1994–2007 in order to develop a model based on multiscale
analysis to map the density of human-caused fire ignitions.
The approach taken was to use a mixed model, which can
separate the variability due to different grouping levels
corresponding to the different administrative levels. Our
initial hypothesis considered that the strong spatial auto-
correlation in plot-level ignition patterns could not be
adequately handled by conventional regression models.
Díaz-Avalos et al. (2001) employed a similar ignition
modeling approach working with a similar data structure,
and the approach proved more adequate for hierarchically
organized data. In this study, the use of a mixed model
resulted in a spatial hierarchy based on plot level,
municipality level, and county level.

The fixed part of this model targeted to plot level suggested
that long-term prevalence of fire ignitions is mainly explained
by variables related to topography, infrastructures, and land-use
patterns. However, analysis of the variability caused by the
additional spatial levels used as grouping factors confirmed that
modeling at plot level is not enough to explain the variability in
the ignition patterns, as there are strong regional differences
acting at different scales. By considering the differences
between municipalities and counties, the spatial variation was
partially addressed and the potential effects of the variables
considered at plot level were better addressed, thus avoiding
possible confounding effects.

The variables selected as predictors in the fixed part of
the model are consistent with the results of previous
studies. Human accessibility, represented by density of

Fig. 4 Observed ignition densities (a), predicted ignition densities (b
with the fixed part of the model and c with the mixed model), and
residues of the ignition model (d for the fixed part of the model and e
for the mixed model)

�
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pathways and presence of roads, has an important influence
on the occurrence of ignitions (Chou et al. 1993; Cardille et al.
2001; Vasconcellos et al. 2001; Badia-Perpinya and Pallares-
Barbera 2006; Yang et al. 2007; Martinez et al. 2008). The
effect of increasing elevation on expected ignition frequency
has previously been reported by Vazquez and Moreno (1998)
and Vasconcellos et al. (2001). One reason for this elevation
effect may be the distribution of the population of Catalonia,
which is concentrated in coastal areas, meaning population
density decreases with increasing elevation (Badia-Perpinya
and Pallares-Barbera, 2006). Another reason may be the
correlation between elevation and climate (González et al.
2006), as lower elevations tend to be the more xeric places,
offering dryer fuel. Regarding the effect of land-use
allocation on fire frequency, the results were also as
expected. Urban areas have fewer ignitions, which can be
explained by the lower availability of forest and fuels to
support forest fires. Whether plots interfacing agriculture and
forest land-use or urban and rural land-use patterns were
more prone to ignition. The positive correlation between
agriculture-forest mosaics and occurrence of fires in
Mediterranean areas has already been reported in several
studies (Maselli et al. 2003; Amatulli et al. 2007; Martinez et
al. 2008). There was an even stronger correlation between
plots representing urban–rural interfaces and fire ignition
density. This correlation can be explained by the presence of
wildland–urban interface (Prestemon et al. 2002; Badia-
Perpinya and Pallares-Barbera 2006; Syphard et al. 2007;
Catry et al. 2009) or the presence of cities in the vicinity
(Vega Garcia et al. 1995; Cardille et al. 2001).

The use of counties as a grouping variable is justified by
their singular characteristics in terms of surface area, spatial

distribution across the territory, and sociocultural homoge-
neity (DOGC 2003). The structural differences between
counties in Catalonia and their influence on fire ignition
regime were investigated previously by Badia-Perpinya and
Pallares-Barbera (2006). In general, counties are large
enough to contain a large number of study plots and
represent enough within-county variability in terms of
human-made infrastructures. In parallel, there are
between-county differences in terms of land-use distribu-
tion and the relationship inhabitants hold with the surround-
ing environment that further supports the use of counties as
a grouping variable. An additional advantage of incorpo-
rating administrative boundaries in the model is the
possibility of exploiting statistical data on socioeconomic
variables. Visual analysis concluded that highly populated
counties, under the influence of large cities such as Girona
and especially Barcelona, are the most affected by fires.
The influence of Barcelona, which has hosts more than
1.5 million inhabitants within the city limits and a further
3 million in the surrounding metropolitan area, extends
to the nearby counties where the large amount of
periurban areas create a fire-vulnerable ignition-prone
environment (Badia-Perpinya and Pallares-Barbera 2006).
However, the presence of a metropolitan area in a county
does not always imply an increment of ignitions: for
example, some of the lowest frequencies of ignitions were
found in counties surrounding the city of Lleida, where the
low risk of fire ignition may be related to the highly
intensive agriculture associated with large extensions of
arable land in the nearby areas.

Municipalities were used in the study as another variable
of spatial aggregation. Even though municipal-level analy-

Fig. 5 Predicted random effects, for the counties (a) and for the municipalities (b)
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sis can provide important information on the effect of
socioeconomic variables on incidence of ignitions, in the
present study, its use was focused on capturing spatial
variations in ignition density among plots and within
counties. Spatial aggregation of fire ignitions can be
expected to occur in the region depending on the specific
cause of the fire, as is the case for arson (Prestemon and
Butry 2005; Genton et al. 2006). The existence of
“hotspots” (areas with an extremely high ignition density)
due to the activity of an arsonist or other local socioeco-
nomic factors can be considered as inducing positive bias
in the our model's predictions of places where extremely
high ignition frequencies are observed. The fact that
hotspots are small enough to be unperceived at county
level and large enough to affect various study plots
justified the inclusion of an intermediate municipality
effect in the model. The reductive spatial autocorrelation
of the residuals of the mixed model may indicate that
“hotspots” did occur across Catalonia. The municipality
effect in the model partially solved the problem of
spatially correlated residuals.

In this study, we grouped all human-caused ignitions
to acquire a sufficient number of observations regard-
less of their specific causes. This allowed enough data
for the application of the mixed modeling approach,
and provided estimates of the variability of ignitions at
different levels and taken as a whole, which was the
initial objective of the study. If the data are treated
separately according to the main causes of fire
(Appendix 1), it can result in too few observations to
identify spatial variation. However, there can be impor-
tant differences in the factors explaining ignitions with
different causes. For instance, human-caused ignitions
can present wide casuistics, with a diverse range of
socioeconomic factors influencing their aggregation in the
space. In many cases, the factor or factors inducing the
occurrence of a specific type of ignitions (in terms of their
cause) either do not influence or negatively influence the
occurrence of other types of ignitions. These aspects
suggest that specific models combining all human-caused
ignitions based on census data may lead to misinter-
pretations. For this reason, until studies are implemented
for specific ignition causes, we suggest taking a visual
approach to interpreting spatial variation in fire ignition
density, comparing the spatial distribution of the random
effects (Fig. 5) with the spatial variation of potential
influencing factors (Appendix 2).

The results show that the county and municipal
administrative units are relevant units for the analysis
of long-term patterns of fire ignition density in Catalonia.
However, this model is not aimed at predicting future
occurrence of fire ignitions in Catalonia, but only at

reflecting the relationship existing between static easily
measurable variables and fire ignitions. In any case, the
results of the present study should be combined with the
results of other studies on the effect of meteorological
variables on short-term ignition risk as a step toward
optimizing preventive strategies.

Our findings highlight the importance of spatial variation in
fire ignition density. Future studies are needed to improve our
understanding of the fire ignition regime. An additional
analysis of ignition causes and a spatially explicit approach
addressing the “hotspot” areas would also provide valuable
conclusions. Further research will be oriented toward detailed
analysis of the socioeconomic factors that cause municipality-
and county-level differences. The many potential factors and
confounding factors will require confirmatory analysis.
However, the methodological approach taken in this paper
serves as a basis for these future studies.
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Appendix 1

Table 3 Summary of fire ignitions by cause, recorded in Catalonia
during the period 1994–2007

Cause Number Percentage Group of cause

Intentional 2,530 24.5 Intentional

Fire in dumping places 108 1

Agricultural burning 1,410 13.6

Bush burning 11 0.1

Pasture burning 206 2 Negligence

Rubbish burning 86 0.8

Bonfire 255 2.5

Smokers 727 7

Forest work 362 3.5

Other negligence 1,057 10.2

Military exercise 16 0.2 Accidents

Engines and machines 327 3.2

Other accidents 89 0.9

Human caused 7,847 75.9

Revived wildfires 98 0.9

Natural (lightning) 1,128 10.9

Unknown origin 1,256 12.2

Total 10,330 100
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